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Introduction
The lactic acid bacteria (LAB) are industrially important low-GC-content 
Gram-positive bacteria. They are non-sporulating and found in various 
nutrition-rich environments1 such as dairy products and intestine. These 
bacteria play a significant role in food fermentation and preservation2 due 
to their ability of converting sugar (primarily glucose or lactose) to lactic 
acid. The LAB are also used in various other industries, for instance, in 
the pharmaceutical industry3-6 to produce vitamins such as vitamin B7, to 
deliver drugs8,9 and to treat diarrhea3. Though dairy products like yoghurt 
have been used for millennia, the health benefits of LAB as probiotics are of 
interest only in recent years3,4,10-12. The importance of lactic acid production 
is also reflected in categorization of these bacterial species. They have 
been grouped based on their ability to produce lactic acid rather than their 
phylogenetic similarities13.
In the days when Mendel ‘founded genetics’ and long before DNA 
was discovered, classification of organisms was based on ‘observable 
differences’ between them, also referred to as phenotypes. As the DNA 
sequence of an organism provides insight into its genotype, life-style, 
evolutionary history and many more properties, genotypic classification of 
bacterial strains is more accurate compared to classification using a limited 
set of phenotypic properties. With the advancement of the DNA sequencing 
technology, the focus in classifying organisms shifted from phenotype 
to genotype. Initially, complete DNA sequences used for classification 
were from phages and viruses, but more recently complete chromosomal 
DNA sequences have been used14. However, accurately determining both 
genomic properties, including gene functions, and phenotypic properties of 
LAB is necessary for better classification of organisms.
Different LAB strains from different phyla have already been 
studied extensively due to their industrial importance15. In this thesis we 
focus on two model LAB species, Lactococcus lactis and Lactobacillus 
plantarum. We present a genome content analysis for strains of these 
species as well as a comprehensive comparison of their strains’ genotypes 
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have already been sequenced. For instance, well-studied L. lactis strains 
were of dairy origin. Currently, interest in non-dairy strains is also 
increasing due to their broader metabolic capabilities16-18. Dairy isolates 
often have smaller genomes missing several genes that are not necessary 
in dairy environments, which are present in plant isolates indicating niche 
adaptation19. L. plantarum strains are found in various environments such 
as plant fermentations and the gastro-intestinal tract. The well-studied 
strain L. plantarum WCFS120, isolated from human saliva, so far has the 
largest genome of LAB21. These and many more differences in gene content 
between query and reference strains can be identified using gene gain/loss 
analysis (see below). However, for both species relatively few genomes 
are available to estimate species-level genomic diversity. Therefore, CGH 
arrays have been used to determine presence/absence of genes22-24 in strains 
of both species (see below and also chapters 2 and 5). Gain or loss analysis 
of genes in strains based on DNA arrays can subsequently be linked to 
phenotypes or niche-specific properties of these strains (see chapter 4). 
We focus on bioinformatics methods and tools used for genotyping, 
comparative genomics and genotype-phenotype matching analysis of many 
L. lactis and L. plantarum strains. First, general information is given on 
underlying principles of methods that are used in genotyping and genotype-
phenotype matching. Next, the use of these methods is briefly described, 
followed by an outline of the thesis. 
Microarrays
Microarrays allow simultaneous assessment of many factors such as 
expression of many genes or presence of different genomic segments. 
Bioinformatics methods and tools necessary for microarrays are mostly 
standardized, especially for gene-expression microarrays. Here we briefly 
describe DNA microarrays that allow comparative genome hybridization 
(CGH) analysis of closely related strains or species. CGH arrays have 
been used to address various research questions such as taxonomical 
classification and strain typing.
In CGH arrays, DNA fragments (probes) based on a reference 
strain are prepared25. Array probe design might differ based on the research 
question. For instance, a tiling probe design is used to identify small 
genomic differences between similar sequences. In such a high-density 
design, multiple overlapping probes represent the entire DNA sequence and, 
therefore, many probes cover a single gene. However, for identifying the 
10
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presence of a gene of a reference strain in a query strain only a few probes 
would suffice, depending on the genome sequence similarity between the two 
strains. Once probes are immobilized on the array surface, DNA fragments 
from query and reference strains, also referred to as targets, are prepared. 
Targets are labeled with two different fluorescent dyes, one for query and 
the other for reference DNAs. It is also possible to use a single dye, where 
targets are based on only one query strain, as was used for genotyping of L. 
lactis strains. Labeled targets are applied to the array surface and the array 
is kept under the optimal hybridization temperature. After hybridization, 
array slides are washed to remove excess labeled cDNA and signals from 
the slide surfaces are quantified by scanning. Scanned images are used by 
image processing software to determine signal intensity for each spot on 
the array. Raw intensity signals, however, often cannot be directly used 
in further analysis due to systematic errors. These errors could be due to 
multiple factors such as dye bias, hybridization conditions and positional 
bias of probes. For instance, Figure 1 shows positional bias, where probes 
spotted in one part of an array have in general higher signal intensities than 
probes in other parts. Therefore, signals are normalized to have a more 
accurate representation of how well a query sequence hybridized to a probe 
attached to the surface of a microarray. In order to account for the different 
array platforms, the number of samples co-hybridized (single or dual dye), 
etc., several normalization methods have already been devised26-29.
Rapid developments in CGH array platforms and array data analysis 
methods made it possible to base probes on more than a single reference 
genome. Targets with less than 80-85% nucleotide sequence identity to the 
array probe will show a strong decrease in hybridization and array signal. 
Using multiple references would allow querying genes with divergent 
sequences, which would have otherwise resulted in a false-negative call 
due to the limited nucleotide sequence identity of the divergent sequence to 
the array probe. This would allow more accurate estimate of a pan-genome, 
which is a total of genes in all strains of a single species. Therefore, multi-
strain or pan-genome arrays with probes targeting a greater variety of gene 
sequences allow determining the gene occurrence in various strains more 
accurately. 
Genotype profiling using comparative genome hybridization arrays
CGH arrays, where probes are based on a single30 or multiple reference 
genomes24,31, allow determining gene occurrence for an entire query 
genome22,31-35. As described above, genotyping with CGH arrays requires 
11
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Figure 1. Visualization of array data representing hybridization of DNA from 
a L. lactis strain, where positional bias can be easily noticed in a kernel-based 
smoothing fit (middle figure and see also chapter 2). Axes indicate probe position 
on the array and right-side bars show log transformed signal intensity values: 
A) raw data; B) smoothing fit on raw data; C) normalized data, which is a result 
of subtracting smooth fit values from raw signal intensities or in other words 
subtraction of image B from image A.
rigorous analysis of the resulting array data. After normalizing the probe 
signals, probes matching to a gene sequence of a query strain are identified. 
Next, to determine gene presence/absence the signal intensities of aligned 
probes are scored. Since the inception of CGH microarrays30 several tools 
and/or methods have already been published24,27-29,36-38 for the analysis of 
array data. However, most of them allowed targeted analysis of array data 
such as only normalization or genotyping. Furthermore, some of these tools 
were specific for a certain array platform or probe design such as tiling 
design. Use of such tools for data for which the tool was not specifically 
designed requires either improving a given tool or devising a new tool. 
In genotyping of 39 L. lactis strains, there was no “off-the-shelf” method 
to generate a single presence/absence value for a gene based on multiple 
probe values for that gene. Therefore we created our own method and 
tool to accurately determine gene presence/absence in these strains (see 
chapters 2 and 3).
Gene function annotation
Deriving functions of all genes of a given bacterium allows predicting its 
genetic and metabolic potential. However, predicting gene function is not 
straightforward. Nowadays, DNA of bacterial strains is sequenced on a
12
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Figure 2. Schematic relationship between gene deletion (gain) or insertion (gain) 
and phenotype of a strain (e.g.: growth on lactose). 
daily basis, so it is critical to identify gene functions correctly. Gene 
functions can be identified by knock-out or expression analysis of genes, 
but these methods are resource-intensive requiring many experiments. 
Thus annotation information of genes of other organisms that have similar 
sequences can guide the correct determination of gene function. However, 
sequence similarity based genome annotation could lead to propagation 
of annotation errors from genes in previously published genomes to new 
genomes. Therefore, next to gene annotation, relating gene occurrence 
in strains to their phenotypes would allow faster screening of gene to 
phenotype relations as well as specifying gene function for these organisms. 
The prioritized gene-phenotype relations could then be used in follow-up 
studies such as gene knock-out experiments. Combining experimental 
results, sequence similarity, and genotype-phenotype analysis allows 
determining functions of many genes of a given organism. 
Comparative genomics
Comparing genomes of strains reveals many similarities between 
the compared strains such as ancestral relationships and presence of 
homologous genes. As homologous genes share the similar sequences and 
are assumed to have the same or similar function in different organisms39, 
the presence of such genes can be linked to phenotypes of the strains 
13
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replicating DNA molecules different from chromosomal DNA – which 
enrich both genotype and phenotype repertoire of strains41,42. Therefore, 
both chromosomal and plasmid genes should be used in comparative 
genomics analysis. Comparative analysis of orthologous genes, which 
are homologs created by speciation39, shows how strains from different 
species have evolved since their branching from the same ancestor. Gain 
and loss analysis of homologous and orthologous genes sheds light on 
whether evolutionary differences are mediated by gene duplication (see 
Fig. 2) or horizontal gene transfer (HGT), via for instance conjugation or 
phages41,43. Such comparative analysis also sheds light on niche adaptation 
of organisms by acquiring genes either by HGT or gene duplication21,44. 
For instance, comparative genomics analysis of 39 L. lactis strains allowed 
identifying niche-specific genes.
Genotype-phenotype matching
The phenotype of a given strain is not only a product of its gene content45, 
but is also affected by cellular regulatory mechanisms46 and environmental 
factors47. Though genotype-phenotype matching analysis cannot take into 
account effects of regulatory mechanisms, they allow relatively straight-
forward screening of candidate relationships between genes and phenotypes. 
Identified candidate genes can be studied further by integrating different 
~omics datasets48. 
Identifying relations between genotype and phenotype of a strain 
allows better understanding its evolutionary changes. The genotypic 
and phenotypic properties of strains can be elucidated by using (i) only 
genotype data19,49 (see previous section), (ii) only phenotype data50, or 
(iii) by integrating genotype and phenotype data51-54. The latter approach 
allows revealing more links, but is often not straightforward to apply. In 
genotype-phenotype matching, often-used approaches are correlation55-57 
or machine-learning58,59 methods (see Table 1 and also chapters 5 and 6). 
In correlation analysis, the correlation between genes and phenotypes are 
determined followed by ranking of genes based on the correlation scores. 
The simplicity of interpreting the results identified with correlation-based 
methods is its main advantage. However, these methods are inferior in 
extracting conditional relations between genes (e.g.: presence of one gene 
decreases importance of another gene for a certain phenotype) or linear 
combinations of genes (e.g.:  two genes are important for a phenotype if both 
are present in a strain) (see Table 1). Moreover, strains might have different 
gene sets allowing them to manifest the same phenotype. Correlation-based 
14
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Table 1. Comparison of correlation and machine-learning approaches to identify 
gene-phenotype relations. Information about capabilities of some machine learning 
algorithms are partly based on “The elements of statistical learning” book64.
Ability Correlation methods Machine learning algorithms
Handling of missing 
values No Yes, but not all
Computation time High Moderate-to-high
Identifying linear 
relations Yes Yes
Identifying non-linear 
relations No Yes, but not all
Dealing with irrelevant 
inputsa Yes Yes, but not all
Extract linear 
combinations of genes No
Yes for a few algorithms like 
Neural Networks or Support Vector 
Machines
Interpretability Easy Easy-to-difficult (depends on algorithm)
Predictive power Moderate Moderate-to-high (depends on algorithm)
Partial relationshipb No Yes for a few algorithms like Random Forest
a An irrelevant input has neither a positive nor a negative impact to accurately 
identify phenotype (class) of a strain (instance) based on its gene content (features), 
e.g.: genes present or absent in (almost) all strains.
b A partial relationship indicates when a gene is important only for a subset of 
samples of a certain phenotype.
methods are not suited to discover such partial relations. Machine learning 
algorithms use training data to build classification or predictive models. The 
training data consists of instances (or samples; e.g., strains) of particular 
classes (e.g., can or cannot grow on a particular sugar) and features (which 
may or may not be predictive for a given class; e.g., genes). The trained 
model is then used to predict the class (e.g., growth on a particular sugar) 
of an unknown instance (or strain). However, not all machine-learning 
algorithms can be used in genotype-phenotype matching60-62 (see Table 
1), because there are many more genes (p) than queried strains (n) and in 
general only a small gene set is relevant for a given phenotype. Therefore 
15
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using gene selection (or feature selection) methods63, which iteratively 
removes (or selects) genes that are irrelevant (or relevant) to a phenotype.
Outline of thesis
This thesis presents bioinformatics analyses, methods and tools for 
genotyping and genotype-phenotype matching alongside with their 
application to strains of two industrially relevant species: L. lactis and 
L. plantarum. A comparative analysis of L. lactis strains based on gene 
occurrence data, which was determined using pan-genome DNA arrays, is 
also presented.
In chapter 2, the PanCGH analysis method is described for analyzing 
L. lactis pan-genome CGH arrays. For genotyping of 39 L. lactis strains, 
homologous genes were grouped into ortholog groups. Strain orthologs 
were identified by bi-directional comparisons of 4 fully sequenced 
genomes. Grouping allows identifying genes with similar functions and 
is more efficient than querying genes of each reference strain separately. 
Additionally, this allows more straight-forward gene gain or loss analysis 
of all 39 strains.
As genotype data is generated frequently for different organisms, 
accurate and reproducible gene presence/absence calling based on pan-
genome CGH arrays is important. Therefore, a web-tool – PanCGHweb 
– was devised for straight-forward analysis of these complex data using the 
PanCGH algorithm (see chapter 2). The tool and its use for pan-genome 
data of 39 L. lactis strains are described in chapter 3.
The gain and loss analysis of genes for strains of a given species 
allows elucidating genomic differences, which sheds light on important 
strain properties such as niche adaptation. Therefore comparative genomics 
analysis of 39 L. lactis strains using only pan-genome based occurrence 
data allowed identifying genomic, phenotypic and niche differences among 
these strains. These findings are described in chapter 4.
As shown in chapter 4, comparative genomics analysis using gene 
occurrence data alone can be used to predict some phenotypes of a strain. 
Identifying relations between gene content and phenotypic measurements 
of many strains requires a more sophisticated approach. Thus we developed 
an algorithm and web-tool, coined PhenoLink, to identify phenotype-
related genes. It was evaluated with genotype and phenotype data of 38 L. 
plantarum strains, and gene essentiality data of a Streptococcus pneumoniae 
transposon mutant library as described in chapter 5. PhenoLink has already 
16
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been used in several other studies to link different types of ~omics and 
phenotype datasets.
Genotype and phenotype properties of many L. lactis strains 
have already been studied extensively.  Large genotype and phenotype 
datasets generated in some of these studies17,50,65,66 were used in PhenoLink 
to identify relations between genes and phenotypes. Links identified by 
PhenoLink confirm many previous findings and also reveal a few novel 
relations between genes and phenotypes as described in chapter 6. These 
findings would allow better understanding both genotypic and phenotypic 
properties of L. lactis strains.
The final chapter provides a summary of the work presented 
in this thesis as well as a general outlook for possible improvements to 
understanding genomic and phenotypic properties of LAB species based 
on the findings for the two model organisms of this thesis: L. lactis and 
L. plantarum. Bioinformatics challenges of this work and possible 
improvements in algorithms that can be used to generate insights from such 
complex data are also briefly discussed in this chapter.
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ABSTRACT
Motivation: Pangenome arrays contain DNA oligomers targeting several 
sequenced reference genomes from the same species. In microbiology these 
can be employed to investigate the often high genetic variability within 
a species by comparative genome hybridization (CGH). The biological 
interpretation of pangenome CGH data depends on the ability to compare 
strains at a functional level, particularly by comparing the presence or 
absence of orthologous genes. Due to the high genetic variability, available 
genotype-calling algorithms can not be applied to pangenome CGH data.
Results: We have developed the algorithm PanCGH that incorporates 
orthology information about genes to predict the presence or absence of 
orthologous genes in a query organism. PanCGH was tested and applied in 
the analysis of genetic diversity among 39 Lactococcus lactis strains from 
three different subspecies (lactis, cremoris, hordniae) and isolated from 
two different niches (dairy and plant). Clustering of these strains using 
the presence/absence data of gene orthologs revealed a clear separation 
between different subspecies and reflected the niche of the strains.
1 INTRODUCTION 
Detection of genomic variation between related organisms can elucidate 
relations between genotypic and phenotypic traits of organisms, for 
example those related to diseases with a genetic origin (Inazawa, et al., 
2004; Kallioniemi, et al., 1992) or to functional traits of microorganisms 
(Pretzer, et al., 2005). Comparative Genomic Hybridization (CGH) 
microarrays allow the detection of variation between a reference genome, 
whose sequences are targeted by the probes, and query genomes. The type 
of genetic variations that can be detected depends on the array design 
and the sequence similarity of reference and query genomes. Using short 
oligonucleotides, single nucleotide polymorphisms (SNPs) may be detected 
between highly similar genomes, like those of different human individuals. 
However, bacterial strains belonging to the same species often display 
extensive sequence variations (Lan and Reeves, 2000; Medini, et al., 2005). 
In these cases, CGH microarrays generally only allow the detection of 
deletions, insertions and amplifications of relatively large pieces of DNA, 
like entire genes. Nevertheless, even this coarse-grained information can 
be very helpful in understanding the genetic basis of functional differences 
between strains of the same bacterial species. CGH data were used to show 
that highly variant parts of genomes of 20 L. plantarum strains encode 
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proteins that have a major role in the adaptation of these strains to different 
environments (Molenaar, et al., 2005). CGH arrays can also be used to 
provide insight into evolutionary processes by analyzing the diversity 
among strains of the same species (Earl, et al., 2007; Rasmussen, et al., 
2008) or different species (Fukiya, et al., 2004).
Current microarray chips can contain several hundreds of thousands of 
probes, and make it possible to design an array from genomes of several 
reference strains of the same species at high probe density. These microbial 
species-level “pangenome” arrays overcome the limited variability that 
is detectable with arrays based on a single reference genome. Several 
genotype-calling algorithms (Hua, et al., 2007; Plagnol, et al., 2007; Teo, 
et al., 2007; Xiao, et al., 2007) have been proposed for the interpretation 
of these data. However, these algorithms are mainly suited for detecting 
SNPs or other genomic variations between closely related organisms. The 
biological interpretation of pangenome microarrays in terms of the presence 
and absence of genetic functionalities in strains with unknown sequences 
poses a problem, because the probes target different homologous genes 
with various degrees of sequence similarity. To solve this problem we have 
devised the genotype-calling algorithm PanCGH that combines orthology 
(Fitch, 1970) information about genes with species-level pangenome 
array data to determine the presence or absence of orthologous genes in 
bacterial strains. In this study, we test and apply PanCGH to CGH data of 
39 Lactococcus lactis strains to investigate their genotypic variation.
2 METHODS
2.1 DNA Preparation
DNA was prepared from L. lactis strains (Supplementary Table 1) using the 
QiaAmp DNA Mini Kit (Qiagen GmbH, Hilden, Germany) according to 
the manufacturer’s protocol for the isolation of genomic DNA from Gram-
positive bacteria.
2.2 Microarray design and hybridization data acquisition
All genomic, plasmid and single gene or operon DNA sequences (1988 
sequences in July 2005, constituting 10.7 Mb) of L. lactis were collected from 
the NCBI CoreNucleotide database and were deposited in a local database. 
This included complete genome sequences of L. lactis strain IL1403 
(2.35 Mb, accession number AE005176) and fragments of the genome of 
strain SK11 (2.43 Mb, Genbank record GI:62464763). Additionally, draft 
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genome sequences consisting of 547 contigs (2.3 Mb) of L. lactis ssp. lactis 
strain KF147 (NIZOB2230) and 961 contigs (2.6 Mb) of L. lactis ssp. lactis 
KF282 (NIZOB2244W) were added to this database. Redundant stretches 
of DNA were removed from the database, where a stretch of DNA was 
defined as redundant if it differed from another piece of DNA by at most 
2 nucleotides over a window of 100 nucleotides. For the remaining non-
redundant 7 Mb of DNA, a 32-mer tiling design was defined by starting 
an oligomer approximately every 19 nucleotides, resulting in a total of 
386,298 probes. We also designed 3181 random probes with their sequence 
absent in the non-redundant 7 Mb of DNA and they were randomly located 
on the array. Description of the platform with probe information has been 
deposited in the Gene Expression Omnibus  (www.ncbi.nlm.nih.gov/geo) 
with an accession number GPL7231.
Array production and DNA hybridization, using fragmented DNA, were 
performed by NimbleGen Systems Inc. (Madison, WI, USA). The raw 
hybridization data, as well as annotations of the sequences, were stored in a 
custom relational database. Additionally, raw and normalized hybridization 
data of 39 L.lactis strains have been deposited in the GEO database with 
an accession number GSE12638. The annotations (gene definitions and 
putative protein function descriptions) were, in case of publicly available 
sequences, extracted from the GenBank files. For the draft sequences of L. 
lactis strains KF147 and KF282, GLIMMER (Salzberg, et al., 1998) was 
used to define the genes and InterProScan (Zdobnov and Apweiler, 2001) 
was used to generate protein function descriptions.
2.3 Normalization of CGH microarray data
Many of the available normalization techniques do not take positional 
information of probes into account, yet spatial artifacts do contaminate 
array data. Such artifacts can be minimized by incorporating positional 
information of probes into normalization (Khojasteh, et al., 2005; Neuvial, 
et al., 2006; Yuan and Irizarry, 2006). Since a multiplicative noise model 
works better to minimize spatial artifacts than the additive noise model 
(Sasik, et al., 2002), the normalization process is carried out on a logarithmic 
scale. We tested both the loess (Cleveland WS, 1992) and the fields 
algorithms to normalize array data in two dimensions. Both methods fit a 
smooth three-dimensional surface to the data. The height of this surface at 
a specific position represents the local average signal. For each individual 
spot the height of the surface at the position of that spot is then subtracted 
from its raw signal intensity value. In order to avoid negative values the 
overall mean of the smooth fit is added to all signal intensities. 
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Figure 1. Schematic representation of the PanCGH algorithm for a CGH 
experiment. The left panel shows the fluorescence of a query strain to a set of probes 
(p
1
 to p
n
) targeting different reference orthologs (homologous genes from reference 
strains A, B and C) of an ortholog group g
i
. Some probes target several reference 
orthologs, as shown by the overlap between the probe sets targeting the reference 
orthologs from strains A and B. In the right panel a schematic representation of 
the calculation of the presence score is shown. For each reference ortholog the 
mode (indicated with a star) is calculated from the distribution of (log) signals of 
the corresponding probes. The presence score is the highest of these mode values. 
In this case, the presence score is above the threshold and equals the mode of the 
signals targeting the reference ortholog from strain B.
We compared normalized data of both methods and concluded that the 
fields algorithm was faster and yielded better results. Therefore, we used 
the fields algorithm with its default Nadaraya-Watson kernel for spatial 
normalization of the array data .
Although this normalization minimizes within-array spatial biases, there 
is still a difference in overall signal intensity between arrays, which makes 
it difficult to compare them. Therefore, after spatial normalization, signal 
intensities in each array were divided by the median of their distribution. 
2.4 The genotype-calling algorithm – PanCGH
The purpose of this genotype-calling algorithm is to facilitate the biological 
interpretation of pangenome CGH data by inferring the presence of a gene 
in a query strain using signal intensities of probes matching an orthologous 
gene of a reference strain. Since in a pangenome array several orthologs 
from different reference strains are represented on the array, the question 
is generalized to whether the query strain contains a member from a group 
of orthologous genes. Therefore, our algorithm also requires ortholog 
groups as input.  Each ortholog group g
i
 contains the gene identifiers of 
a single gene or of several orthologous genes from the reference strains 
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(reference orthologs). The set of all ortholog groups is represented as G= 
{g
1
, g
2 
,…, g
k
}. To predict the presence or absence of a member gene from 
ortholog group g
i
 in the query strain one cannot generally simply use the 
average signal from the set P
i
 of all probes targeting all genes from g
i
 as an 
indicator. Since short 32-mers are used, only probes that almost perfectly 
match the query gene will display a high fluorescence. Generally, these 
are a subset of P
i
 targeting the most similar reference ortholog. Therefore, 
the PanCGH algorithm uses these subsets of probes, and calculates the 
presence score from that subset of which the largest majority of probes has 
a high fluorescence (see Figure 1 for an illustration of this principle). The 
output of the algorithm is a prediction of the presence or absence in the 
query strain of a member gene for each of the ortholog groups from the set 
G. In addition, if it predicts a gene to be present it also predicts which of the 
reference orthologs is most similar to the gene in the query strain. 
The algorithm proceeds as follows: 
For each group of orthologs g
i
 in the set G perform steps 1 to 4
Step 1: For the set of reference strains {A, …, X}, get the sets of probes 
P
A
, …, P
X
 that match a sequence of a gene in the ortholog group g
i
. 
Construct the union set Π
i
= P
A
 U  P
B
 U … U P
X
.
Step 2: Construct the set S of ordered pairs (p
k
,s
k
), where p
k
   Π
i
 and s
k
 is 
the normalized fluorescence intensity value of probe p
k
 from the CGH 
array of the query strain.
Step 3: Calculate the “presence score” S
i
 and the reference strain strain
Y
 with 
the closest homolog for a group g
i
 in the query genome as follows:
•	For each reference strain Y in {A, …, X} compute the mode value m
Y
 
over signals s
k
 in the sets { (p
k
,s
k
) | p
k
     P
Y
 } (see below how the mode 
is calculated).
•	Define S
i
 as the maximum of the modes, S
i
 = max(m
A
, …, m
X
), or if all 
modes are undefined then S
i
 = NA.
•	 If there is only one strain Y which has a mode m
Y
 = S
i
, then this is the 
strain with the closest homolog. 
•	Else, if there is more than one strain and only one of them has a mode 
S
i
 then m
Y
=S
i
 and the strain with the closest homolog is strain
Y
={ Y 
| m
y
=S
i
}.
•	Else, if there is more than one strain and more than one of them has 
a mode S
i
 then m
Y
=S
i
 and the strain with the closest homolog is 
strain
Y
={ Y | m
Y
=S
i
, n
Y
=max(n
A
, …, n
X
)}, where n
Y
=|P
Y
| is number of 
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probes in a set P
Y
.
Step 4: Assign presence or absence of an ortholog in a query strain for the 
gene with closest similarity to that of strain
Y
 in group g
i
 using the 
following criteria:
•	 If S
i
 = NA (undefined) then the presence or absence of a member of g
i
 
in the query strain cannot be decided from the data, hence presence 
= NA.
•	Else, if S
i
 > threshold, the query strain has a gene in an ortholog group 
g
i
, hence presence = 1. The most similar reference ortholog is found 
in strain
Y
. (See the results section for a determination of the optimal 
threshold presence score).
•	Else, if S
i
 < threshold, the query strain possesses no gene in ortholog 
group gi, hence presence = 0.
The mode over the signals s
k
 of a set of ordered pairs { (p
k
,s
k
) | p
k
     P
Y
} is 
calculated as follows:
(1) Define n
Y
 as the number of probes in the set P
Y
(2) If n
Y
 < 10 then the mode is undefined: mode = NA
(3) Else, bin the signals log(s
k
) into B = round(log
2
(n
Y
+1)) equal sized 
intervals on the logarithmic scale. Calculate the frequencies { f
j
 | 
j      {1, …, B}} as the number of signals log(s
k
) in each bin and 
define mode as the mean of lower and upper limits of the bin with 
the highest associated frequency.
A minimum of 10 probes is required for the calculation of the mode, 
otherwise this function would likely give a misrepresentation of the 
distribution of signals. 
2.5 Defining orthologous groups of L. lactis genes
In order to predict orthology among genes, the genome sequence of three 
fully sequenced public L. lactis strains (ssp. lactis IL1403, ssp. cremoris 
SK11 and ssp. cremoris MG1363, accession numbers AE005176, CP000425 
and AM406671, respectively) and incomplete genome sequences of two L. 
lactis strains (ssp. lactis KF147, ssp. lactis KF282) isolated from plants were 
used (Siezen, et al., 2008).  The orthology prediction program InParanoid 
(Remm, et al., 2001) was run with default settings to find orthologous genes 
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among the three completely sequenced genomes. All possible pairwise 
comparisons between the three genomes were performed. In cases where 
inconsistencies regarding bi-directionality of the ortholog relation were 
found between the pairwise InParanoid predictions, genes were regarded 
as not being orthologous and each treated as single genes in an orthologous 
group of size 1. As incomplete genomes are not suited for bidirectional best-
BLAST analyses like InParanoid, the genes of the two incomplete genomes 
were added by performing a pairwise BLAST analysis of the genes from 
the incomplete genomes against the three complete genomes. If a gene 
in the incomplete genome had a best BLAST hit with a member of one 
of the ortholog groups derived from the completely sequenced genomes, 
this gene was added to that ortholog group. In cases where best-BLAST 
hits referred to different ortholog groups, the gene was assigned to a new 
ortholog group, unless the difference in E-value of the BLAST searches 
was larger than 10-10. In those cases the gene was added to the ortholog 
group of the gene with the hit having the lowest E-value. We found a total 
of 4571 ortholog groups of which 1389 groups had a gene in all five L. 
lactis reference strains.
3 RESULTS
3.1 Microarray design and data normalization
Species-level pangenome CGH arrays containing oligonucleotides that 
target, among others, sequences of four reference strains L. lactis ssp. lactis 
IL1403, L. lactis ssp. cremoris SK11, L. lactis ssp. lactis KF147 and L. 
lactis ssp. lactis KF282 were designed. During the course of our work the 
complete sequences of L. lactis ssp. cremoris strains SK11 and MG1363 
were published (Makarova, et al., 2006; Wegmann, et al., 2007), and we 
re-mapped the probe targets of the existing design on these genomes. The 
availability of the complete MG1363 genome sequence also allowed us 
to use this strain as a test case (query strain) for the PanCGH algorithm. 
We analyzed genomic DNA isolated from 39 different L. lactis strains, 
including the reference strains.
The raw data from the hybridization experiments was biased. In particular, 
spatial artifacts on the microarrays were apparent. Hence, we applied a 
spatial normalization method to improve the data set. Visual inspection of 
the corrected data indicated that the spatial bias was minimized. To confirm 
the correctness of this procedure a hierarchical clustering of strains using 
either raw or normalized signal intensities of all probes was carried out. 
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Using the normalized signals, all except one ssp. cremoris strain clustered 
together and all ssp. lactis strains made another cluster, whereas strains 
from different subspecies clustered together when raw signals were used for 
clustering. This shows that, normalized microarray data correspond better 
with independent experimental criteria, namely those used for subspecies 
determination.
3.2 Determination of a presence score threshold for the genotype-
calling algorithm
The pangenome microarray for L. lactis used in this work contains probes 
for several representatives of orthologous genes in different reference 
strains (reference orthologs). To predict whether a representative gene from 
a group of orthologous genes is present in a query strain with unknown 
sequence, a presence score for that group is calculated from the normalized 
fluorescence signals of probes that target the different reference orthologs 
(Figure 1). A target sequence is predicted to be present when the presence 
score lies above a threshold value. To define this threshold value, we used 
CGH data from the reference strains SK11 and IL1403 and calculated 
presence scores for sets of ortholog groups known to be either present or 
absent in SK11. An ideal threshold score value should separate all present 
from all absent genes. Supplementary Figure 1 shows that there is a clear 
separation between present and absent genes, although there is some 
overlap of the distributions. The PanCGH algorithm was also applied to 
strain MG1363. This is an ideal test strain for the procedure, because its 
gene content is known from the genome sequence, but just like any of the 
other query strains, its genome was not used for the design of the array. 
The distribution of presence scores was also bimodal for this strain, clearly 
separating present and absent genes. To determine the best threshold 
value we tested all possible threshold values between the minimum and 
maximum presence score. As the best possible threshold we defined the 
value at which the total error rate (false-positive + false-negative) was 
minimal. Supplementary Figure 2 shows that the position of the best 
possible threshold is 5.5 in an ROC curve (Hanley and McNeil, 1982) for 
SK11, IL1403 and MG1363. We estimated the accuracy (Table 1) of the 
algorithm using the gene annotation of the genome of strain MG1363 at the 
same threshold. Ortholog groups predicted as absent in MG1363 separated 
clearly from the groups predicted to be present.
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Table 1. True-positive rate (sensitivity) and true-negative rate (specificity) of the 
PanCGH genotype-calling algorithm for three L. lactis strains
Strain True-positive rate True-negative rate
SK11 97.6% 90.5%
IL1403 97.9% 86.2%
MG1363 95.4% 96.4%
Figure 2. Hierarchical clustering of L. lactis strains based on presence/absence 
predictions of representatives of 4571 ortholog groups of L. lactis. The pairwise 
binary distance was used as a distance metric and clustering was performed using 
the average linkage agglomeration method (Hastie, et al., 2001). The cluster 
of ten strains at the top represents the subspecies cremoris genotype, while the 
large cluster at the bottom, excluding strains P7266 and P7304, contains strains 
of subspecies lactis genotype and one strain (LMG8520) of subspecies hordniae 
phenotype. In these two clusters 1341 groups from the total of 4571 ortholog 
groups are present in all strains. Though strains P7266 and P7304 have subspecies 
lactis phenotype, they are far apart from other subspecies lactis strains (see 
explanation in text). Branches with a solid rectangle are dairy isolates and other 
strains are isolated from plants.
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Table 2. Functional categories in ortholog groups with frequent false calls in test 
strain L. lactis MG1363.
Functional category False-positivea False-negativea
Hypothetical genes 49% 60%
Transposases 29.2% 0%
Related to transporters 5.3% 7.2%
a As a percentage of the total number of false calls
3.3 Applying the PanCGH algorithm
DNA probes targeting a gene from a reference strain that have a good match 
to a gene in a query strain will generally display a high fluorescence. The 
PanCGH algorithm predicts a gene (or actually a representative from a group 
of orthologous genes) to be present in the query strain when the majority of 
probes targeting a specific reference ortholog displays a fluorescence above 
a threshold value. The principle is illustrated in Figure 1.
The algorithm was applied to hybridization data from 39 L. lactis strains to 
assign corresponding genotypes to each strain. Strains were hierarchically 
clustered based on the presence or absence of genes of ortholog groups 
in these strains (Figure 2). The observed clustering is in agreement with 
a number of independent genotypic and phenotypic observations on the 
strains (Rademaker, et al., 2007) (see Supplementary Table 1) supporting 
the robustness of the method developed in this paper. Most strains group in 
either of the two large subclusters representing the two different subspecies: 
L. lactis ssp. lactis genotype (bottom subcluster) and L. lactis ssp. cremoris 
genotype (top subcluster). In the dendrogram, strains P7266 and P7304 
formed two distinct branches. Although these two strains have a L. lactis 
ssp. lactis phenotype, they have been shown to be highly different in 
genotype compared to the L. lactis ssp. lactis and the L. lactis ssp. cremoris 
genotypes (Rademaker, et al., 2007). Further divisions within these two 
subclusters also reflect functional differences among strains. For instance, 
the top subcluster (cremoris genotype) is divided into 3 branches with 1, 4 
and 5 strains; the latter branch contains 5 strains with both cremoris genotype 
and phenotype, whereas the other two branches contain strains having a 
cremoris genotype but displaying a lactis phenotype (Supplementary Table 
1). The large subcluster at the bottom (lactis genotype) is divided into 
different branches, of which the largest contains 17 strains isolated from 
plants, while the next largest branch contains mostly strains of dairy origin.
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4 DISCUSSION
The predictions of the PanCGH algorithm on L. lactis strains show a high 
true-positive rate (sensitivity) and low to moderate false-positive rate, as 
shown by tests of the algorithm with CGH data from sequenced strains 
(Table 1). Two types of sources that increase total error rate (false-positive 
+ false-negative) can be distinguished: those that are inherent to the CGH 
method, like noise and limitations of the array platform, and those that 
are due to external factors. To the first type belong, for example, errors 
due to low sequence similarity (leading to poor hybridization) or due to 
the small size of some genes, as it is difficult to determine the presence or 
absence of small genes with low numbers of targeting probes. Errors due 
to low sequence similarity can be avoided by basing the array design on 
reference genomes from strains in different branches of the phylogenetic 
tree of a species. Errors due to external factors mainly originate from 
inconsistencies in the ORF calling and annotation of the reference strains 
or the InParanoid orthology prediction. A large part of the false-positive and 
false-negative predictions are due to the latter type of errors. For example, 
analysis of the genomes and genome annotations of strains MG1363 and 
SK11 showed that ORF-calling criteria differ between the two annotations. 
Many of the small ORFs defined only in strain SK11 were found by us 
to be also present in MG1363, but they were not identified as such in the 
original annotation. This caused positive gene calls by PanCGH in strain 
MG1363 for those ORFs that are not identified in the original annotation, 
but whose sequences are nonetheless present in this strain. These appear 
as false calls in the test of PanCGH, but are in fact correct. Imperfections 
in the orthology prediction also caused errors. In particular for genes with 
many paralogs it is difficult to correctly assign orthology relations using 
automated prediction methods that rely only on gene sequence information 
(Koonin, 2005; Notebaart, et al., 2005). For example, in strain MG1363 
we found that almost half of the apparent false-positive calls concerned 
hypothetical proteins. The remaining false-positive calls concerned mainly 
transporters and transposases, which often have many paralogs (Table 2). 
Despite these sources of errors, the PanCGH algorithm has a high 
accuracy, which shows the robustness of the method. In order to avoid 
the errors originating from inconsistencies in ORF-calling and annotation, 
the same ORF-calling algorithm and definitions should be applied to all 
reference genomes. The orthology grouping can also be improved by 
including additional sources of information from e.g. phylogenetic trees 
and 3-D structures (Francke, et al., 2008; Golding and Dean, 1998). 
In summary, we have developed a novel genotype-calling algorithm 
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– PanCGH – for the biological interpretation of species-level pangenome 
CGH arrays. In contrast to conventional CGH arrays, these pangenome 
arrays allow the comparison of strains that are relatively diverse in terms 
of genome sequence. Information obtained from sequenced reference 
strains was incorporated to compare strains not only by signal intensities 
of individual probes, but also at the level of the inferred genotype, or more 
specifically, the presence and absence of members of ortholog groups. The 
results show that our genotype-calling algorithm predicts a genotype with 
high accuracy from a species-level pangenome CGH array data, which 
enables the extraction of relevant biological information for unsequenced 
strains. Currently we are working on biological interpretation of the 
PanCGH analysis of L. lactis diversity (G. Felis et. al. unpublished results).
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ABSTRACT
Summary: A pangenome is the total of genes present in strains of the same 
species. Pangenome microarrays allow determining the genomic content 
of bacterial strains more accurately than conventional comparative genome 
hybridization microarrays. PanCGHweb is the first tool that effectively 
calls genotype based on pangenome microarray data.
Availability: PanCGHweb The web tool is accessible from: http://bamics2.
cmbi.ru.nl/websoftware/pancgh/
1 INTRODUCTION 
Pangenome microarrays contain probes that target all known genes within 
related strains of the same species (Tettelin, et al., 2005). Compared to 
conventional comparative genome hybridization (CGH) microarrays that 
target the gene content of a single species, they allow to more accurately 
determine the genotype of a given bacterial strain (Bayjanov, et al., 2009; 
Castellanos, et al., 2009; Willenbrock, et al., 2007). In pangenomes 
orthologous genes can be defined as homologous genes derived by a strain 
divergence event from a single ancestral sequence. These orthologous genes 
(strain orthologs) share different levels of nucleotide sequence identity with 
paralogous genes (homologous genes derived by a duplication event from 
a single sequence) (Fitch, 1970). Effective genotyping can be achieved by 
grouping genes into ortholog groups (OGs) and subsequently genotyping 
at the level of OGs. Recently, we published an algorithm (PanCGH) 
that effectively deals with assigning OG presence/absence to each strain 
analyzed by pangenome microarrays (Bayjanov, et al., 2009). Here we 
describe a web tool – PanCGHweb – that uses this algorithm to effectively 
genotype strains based on pangenome microarray data.
2 METHODS
Implementation
PanCGHweb is implemented in Python and R and its wizard-like web-
interface is generated by the FG-web framework (van Hijum et al., 
unpublished). There are three major sections in the web-interface: i) data 
upload; ii) parameter settings; iii) displaying the results (See Fig. 1A). 
The web tool works with major web browsers such as Internet Explorer, 
Firefox, Safari and Opera. 
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Input data
ORFs for each reference bacterial strain and/or plasmid, on which probes 
were designed, should be provided by (i) selecting from the available daily 
updated Genbank sequences and (ii) optionally, uploading FASTA formatted 
DNA sequences that are absent in the Genbank list. Normalized microarray 
hybridization data, where replicated measurements are represented by a 
single value (e.g., by averaging), should also be provided as tab-delimited 
file(s). Probe sequences should be provided in FASTA format.
Algorithm
The PanCGH algorithm calls presence/absence of OGs based on pangenome 
microarray data. PanCGHweb performs the following steps: 1) orthology 
grouping; 2) alignment of probes to genes; 3) genotype calling. 
Step 1: Inparanoid (Remm, et al., 2001) is used with its default settings 
(minimum bit score of 50 and confidence score of 0.25) for the orthology 
prediction among genes of the selected reference genomes (Genbank 
files; see above). The run time of Inparanoid is reduced by  a few orders 
of magnitudes by adapting the software to use BLAT (Kent, 2002) for 
sequence alignments. Genes not part of the selected reference genomes 
can be grouped based on their homology or each gene can form a separate 
group.
Step 2: The microarray probes are aligned by BLAT to the individual gene 
members of each OG. Probes that could not be aligned to any gene and 
genes with no matching probes are reported. 
Step 3: Using the PanCGH algorithm (Bayjanov, et al., 2009) the fluorescence 
signal intensities of probes associated to each gene are summarized to a 
gene score (the most frequently occurring signal intensity). The maximum 
of gene scores of all gene members of an OG is used as the presence score 
for that OG. An OG is considered to be present if its presence score is 
above the threshold of 5.5 in log scale. The steps involved in determining 
the optimal threshold value are described on the web-site of PanCGHweb.
Output of the algorithm
Results of PanCGHweb include: (i) projection plot, which overlays presence/
absence of OGs on the selected genomes; (ii) histogram of presence score 
of OGs for any reference strain, which can be used to validate whether the 
default threshold of 5.5 is an optimal choice for presence/absence calling 
(Fig. 1B); (iii) receiver operating curves (ROC) using all possible presence/
absence calling thresholds for all reference strains; (iv) two different 
40
 Chapter 3
phylogenetic trees of strains, one based on presence/absence values and the 
other based on presence scores. Such trees enable estimating the genomic 
diversity among all strains (Fig. 1C); (v) hierarchical tree based on signal 
intensity values of all arrays and (vi) box and whisker plot, which shows 
signal intensity distribution among all arrays; vii) orthology grouping 
information and presence/absence of genes in each strain. Additionally, the 
following tab-delimited files can be downloaded: OGs list, alignment of 
probes to genes, presence/absence of OGs and presence score of OGs. 
Fig. 1. The PanCGHweb web tool. (A) Process flow in PanCGHweb. (B) 
Histogram of presence/absence of OGs for a reference strain (in this example 
Lactococcus. lactis IL1403). Horizontal axis: presence score of OGs. Vertical 
axis: number of OGs with a corresponding presence score. Black bars: frequen-
cy of presence score of OGs that contain at least one gene from the reference 
strain. Gray bars: frequency of presence score of OGs that contain no gene from 
the reference strain. (C) Phylogenetic tree of strains based on presence/absence 
of OGs in 39 L. lactis strains.
3 CONCLUSIONS
For genotyping, pangenome microarrays offer a cost-effective alternative to 
DNA sequencing and allow to more accurately determine genomic content 
compared to standard CGH techniques. We have developed a web-tool 
for pangenome microarray analysis based on our PanCGH algorithm. It 
enables researchers to analyze these complex hybridization data in a facile 
and transparent way to understand genomic diversity among related strains.
B
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Summary
Lactococcus lactis produces lactic acid and is widely used in the 
manufacturing of various fermented dairy products. However, the species 
is also frequently isolated from non-dairy niches, such as fermented plant 
material. Recently, these non-dairy strains have gained increasing interest, 
as they have been described to possess flavor-forming activities that are 
rarely found in dairy isolates and have diverse metabolic properties. We 
performed an extensive whole genome diversity analysis on 39 L. lactis 
strains, isolated from dairy and plant sources. Comparative genome 
hybridization analysis with multi-strain micro-arrays was used to assess 
presence or absence of genes and gene clusters in these strains, relative 
to all L. lactis sequences in public databases, whereby chromosomal and 
plasmid-encoded genes were computationally analyzed separately. Nearly 
3900 chromosomal ortholog groups (chrOGs) were defined on basis of 
four sequenced chromosomes of L. lactis strains (IL1403, KF147, SK11, 
MG1363). Of these, 1268 chrOGs are present in at least 35 strains and 
represent the presently known core genome of L. lactis, and 72 chrOGs 
appear to be unique for L. lactis.  Nearly 600 and 400 chrOGs were found to be 
specific for either the subspecies lactis or subspecies cremoris, respectively. 
Strain variability was found in presence or absence of gene clusters related 
to growth on plant substrates, such as genes involved in the consumption 
of arabinose, xylan, α-galactosides and galacturonate. Further niche-
specific differences were found in gene clusters for exopolysaccharides 
biosynthesis, stress response (iron transport, osmotolerance) and bacterial 
defense mechanisms (nisin biosynthesis). Strain variability of functions 
encoded on known plasmids included proteolysis, lactose fermentation, 
citrate uptake, metal ion resistance and exopolysaccharides biosynthesis. 
The present study supports the view of L. lactis as a species with a very 
flexible genome. 
Introduction 
The Gram-positive bacterium Lactococcus lactis has been an important 
model organism for low-GC Gram-positive bacteria for many years. The 
primary reason for the interest in this species is the extraordinary industrial 
importance of L. lactis strains as primary components of dairy starter 
cultures. Genetic techniques have been widely applied in recent years to 
unravel the molecular basis of industrially important phenotypic traits. 
Complete genome sequences of three different L. lactis strains of dairy 
origin have been published, further improving our knowledge of strains 
used in dairy technology (Bolotin et al., 2001; Makarova et al., 2006; 
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Wegmann et al., 2007). The abundant occurrence of L. lactis strains outside 
the dairy environment was already known for decades (Sandine, 1972), but 
recently it has been rediscovered due to ecological interest and technological 
properties of non-dairy strains in an applied context (van Hylckama Vlieg 
et al., 2006). The complete genome sequence of a L. lactis plant isolate 
has recently been determined and has provided a more complete view on 
the genomic diversity of the species L. lactis (Siezen et al., 2008; Siezen 
et al., 2010). The existence of many plasmids reported for L. lactis further 
enlarges the genetic pool and thereby the number of possible phenotypic 
manifestations from different combinations of chromosomal and plasmid 
pools (Campo et al., 2002; Bolotin et al., 2004; Siezen et al., 2005).
Taxonomically, three subspecies (subsp. lactis, subsp. cremoris 
and subsp. hordniae) and one biovar (subsp. lactis biovar diacetylatis) are 
recognized. These are the results of reclassification of now discontinued taxa, 
first recognized as different species (Streptococcus lactis, Streptococcus 
cremoris and Lactobacillus hordniae), subsequently united under the genus 
Lactococcus and species lactis (the historical summary of species naming 
is reported in (van Hylckama Vlieg et al., 2006)). The discrimination 
between subspecies is formally linked to a few phenotypic tests (i.e. growth 
at 40°C, growth at 4% NaCl, deamination of arginine, and acid production 
from maltose, lactose, galactose, and ribose (Rademaker et al., 2007). 
However, phenotypic and genetic relationships do not always correlate 
among strains of the same subspecies, leading to considerable confusion in 
taxonomy (Tailliez et al., 1998). In fact all possible combinations of lactis 
and cremoris phenotypes and genotypes have been reported, although with 
different incidence (Kelly and Ward, 2002). 
In recent years, comparative genome hybridization (CGH), 
sometimes referred to as genomotyping, has been increasingly applied to 
unravel the gene content of bacterial strains (Molenaar et al., 2005; Peng 
et al., 2006; Earl et al., 2007; Han et al., 2007; La et al., 2007; McBride et 
al., 2007; Wang et al., 2007; Rasmussen et al., 2008; Siezen et al., 2010). 
A recent CGH analysis of five L. lactis subsp. cremoris strains provided 
a first insight into diversity of genes and gene clusters, but was limited 
by the fact that the DNA microarray used for CGH specified only 1030 
genes selected from the genome of a single strain L. lactis subsp. cremoris 
SK11, which is less than half of the genes encoded in its genome (Taibi 
et al., 2010).  Therefore many of the potential genomic variations were 
not assessed. Chromosomal diversity of a large collection of Lactococcus 
lactis strains was recently screened on the basis of their phenotype and the 
macro-restriction patterns produced from pulsed-field gel electrophoresis 
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(PFGE) analysis of SmaI digests of genomic DNA, providing insight into 
chromosomal size and architecture variation (Kelly et al., 2010).
In the current study, we performed a CGH analysis of 39 L. lactis 
strains using a multi-strain, high-resolution NimbleGen microarray, in an 
attempt to cover the presently known L. lactis pan-genome. These strains 
were selected from a much larger set of phenotypically and genotypically 
characterized L. lactis strains (Rademaker et al., 2007). The strains represent 
different subspecies (cremoris, lactis, hordniae), different phenotypic 
groups, and were isolated from different environmental niches. They are 
therefore believed to be a representative sample of diversity of the species 
(Table 1).
Our objectives were (i) to gain insight into the genetic diversity 
based on whole genome gene content, and compare it with the results of 
other techniques (e.g. genome fingerprints and MLSA analysis (Rademaker 
et al., 2007), (ii) to compare chromosomal and plasmid diversity, (iii) 
to estimate and characterize the core genome of the species, and (iv) to 
analyse genes and gene clusters specific for sub-clades of strains. These 
results contribute to a more complete insight into the diversity and niche 
adaptation of the species.
Results 
Diversity in gene distribution and population structure
A comparative genomic hybridisation (CGH) analysis was performed to 
investigate the gene content of 39 strains of Lactococcus lactis. Analysis 
of all core genes from sequenced genomes shows that nucleotide sequence 
identity between strains from the same subspecies is high: sequence identity 
is 99% between L. lactis subsp. lactis strains IL1403 and KF147, and it is 
98% between L. lactis subsp. cremoris strains SK11 and MG1363. This 
is in sharp contrast to the average sequence identity of only 88% that was 
observed between subsp. lactis and subsp. cremoris strains. Since strains 
from different subspecies can be quite diverse in sequence conservation and 
gene content (Lan and Reeves, 2000; Medini et al., 2005), we used a multi-
strain microarray instead of a single reference strain array.  This multi-
strain array based on NimbleGen technology contains multiple overlapping 
probes targeting all known L. lactis genes in the NCBI database and is 
therefore better suited to detect the expected relatively large differences 
in nucleotide sequence identity.  As with any CGH analysis, its limitation 
remains that novel genes that are not represented on the array will not be 
detected.
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Table 1. Strains included in the analysis.
Strain code
Internal 
collection code
Isolation source Other information
Lactococcus lactis subsp. lactis  genotype and a L. lactis subsp. lactis phenotype
ATCC 19435T NIZO 29T milk (dairy starter)
Li-1 NIZO 1156 grass
E34 NIZO 1173 silage
N42 NIZO 1230 soil and grass
DRA4 NIZO 1592 dairy starter A
L. lactis subsp. lactis biovar 
diacetylactis
ML8 NIZO 20 dairy starter
LMG9446, 
NCFB1867
NIZO 2123 frozen peas
LMG9449, 
NCFB1868
NIZO 2124 frozen peas
K231 NIZO 2199 white kimchii
K337 NIZO 2202 white kimchii
NCDO895, 
NCIMB 700895
NIZO 2211 dairy starter
KF7 NIZO 2219 alfalfa sprouts
KF24 NIZO 2220 alfalfa sprouts
KF67 NIZO 2223 grapefruit juice
KF134 NIZO 2226 alfalfa and radish sprouts
KF146 NIZO 2229 alfalfa and radish sprouts
KF147 NIZO 2230 mung bean sprouts
KF196 NIZO 2236 Japanese kaiwere shoots
KF201 NIZO 2238 sliced mixed vegetables
B2244B NIZO 3919 mustard and cress
KF282 NIZO 3920 mustard and cress
LMG 14418 NIZO 2424 bovine milk
IL1403 NIZO 2441 dairy starter
plasmid-free derivative of L. lactis 
subsp. lactis biovar diacetylactis 
CNRZ157(IL594)
LMG8526, 
NCFB2091
NIZO 26 chinese radish seeds
UC317 NIZO 644 dairy starter
M20 NIZO 844 soil
L. lactis subsp. lactis biovar 
diacetylactis
P7304 NIZO 2207 litter on pastures
rRNA most related to isolates from 
prawns
P7266 NIZO 2206 litter on pastures
rRNA most related to isolates from 
prawns
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Table 1. Strains included in the analysis (continues from previous page).
Strain code
Internal 
collection code
Isolation source 
Other information
L. lactis subsp. cremoris genotype and a L. lactis subsp. lactis phenotype
V4 NIZO 1157 raw sheep milk
KW10 NIZO 2249 Kaanga way
NCDO 763, 
ML3
NIZO 643 dairy starter derivative of NCDO 712
MG1363 NIZO 1492 cheese starter
plasmid-free derivative of NCDO 
712
N41 NIZO 1175 soil and grass
L. lactis subsp. cremoris genotype and a L. lactis subsp. cremoris phenotype (“true cremoris” 
strains)
LMG6897T NIZO 2418T cheese starter subculture of strain HP
FG2 NIZO 2252 dairy starter
AM2 NIZO 33 dairy starter
HP NIZO 42 dairy starter
SK11 NIZO 32 dairy starter phage-resistant derivative of AM1
Lactococcus lactis subsp. hordniae  
LMG 8520T NIZO 24T leaf hopper (insect)
Table 2. Hybridization and genotyping accuracy for the 4 reference strains. 
Genotyping IL1403 KF147 MG1363b SK11
OGs with at least one gene from reference 
strain
2286 2428 2406 2289
OGs with score NAa 132 181 274 109
OGs correctly identified as ‘present’ (true 
positives)
2101 2226 2056 2130
OGs incorrectly identified as ‘absent’ (false 
negatives)
53 21 76 50
True-positive rate 97.5 % 99.1 % 96.4 % 97.7 %
False-negative rate 2.5 % 0.9 % 3.6 % 2.3 %
a NA means that the presence/absence of an OG could not be calculated, either because 
the corresponding genes were not represented on the microarray, or due to an insufficient 
number of probes matching to members of this OG (by default at least 10 probes must be 
aligned). 
b Note that strain MG1363 was not used in the CGH array design, and therefore the 
positive recall for this strain was slightly lower than for the other three reference strains.
The hybridization of DNA from the query genomes to the probes on 
the multi-strain array was translated into absence or presence of genes in 
orthology groups. The hybridization efficiency of DNA from the 4 reference 
strains shows that 96-99% of the known genes in these genomes were 
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positively identified using our PanCGH algorithm (Table 2).Phylogenetic 
relationships of strains are basically reflected in differences in chromosomal 
sequence and content, although adaptation to different environmental 
niches is also related to acquisition or loss of mobile elements (plasmids, 
phages, IS elements, transposons, etc), and the interchange between mobile 
elements and the chromosome is well documented in lactococci. We 
analyzed chromosomal orthology groups (chrOGs) separately from plasmid 
orthology groups (pOGs). For chrOGs, the PanCGH algorithm was used 
to translate hybridization signals into presence or absence of orthologous 
groups, rather than individual genes (Bayjanov et al., 2009; Bayjanov et 
al., 2010).  In total, 3877 chromosomal orthologous groups (chrOGs) were 
defined on the basis of presence of genes in chromosomes of the four fully 
sequenced strains (IL1403, KF147, SK11, and MG1363). A total of 622 
chrOGs were targeted by fewer than 10 probes per chrOG, and therefore 
excluded by the PanCGH algorithm from the analysis, reducing the total 
number of chrOGs investigated to 3255 (Table 3). 
 The complete data set of chrOGs was used to cluster the L. lactis 
strains on the basis of presence/absence of chrOGs (Figure 1). Strains were 
clearly separated into two major clades corresponding to the subspecies 
lactis and cremoris. This confirms previous results of genotypic and 
phenotypic studies on these Lactococcus strains (Rademaker et al., 2007). 
Our whole chromosome-based tree is most similar to their tree based 
on a five-locus MLST cluster analysis, but our tree contains much more 
genomic information on strain diversity, as demonstrated below. The two 
major subspecies groups are further subdivided into subclades in the whole 
genome tree (Figure 1). For the subsp. lactis strains, dairy and plant lactis 
isolates are in separate subclades, while in the subsp. cremoris strains, the 
two subclades correspond to the two different phenotypes, i.e. the lactis-
like and cremoris-like phenotypes. The type strain LMG 8520T of L. lactis 
subsp. hordniae, isolated from leaf hoppers, appears to have a lactis-like 
genomic content, and is grouped with plant isolates.
Core genes of Lactococcus lactis 
Core genes are those that are conserved in all strains and are typically 
involved in the essential cellular processes of a species. Strains P7304 
and P7266 were not included in this analysis, since their chromosomal 
sequences deviate too much from the other strains, resulting in too many 
false negatives in the hybridization signals (see Supplemental Text). The 
distribution of presence shows that there are 1121 chrOGs present in the 37 
L. lactis strains (Figure 2A), which we coin as “core chrOGs”. 
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Table 3. Chromosomal ortholog groups (chrOGs), derived from pangenome CGH 
analysis, and their presence in L. lactis strains according to different criteria.
Analysed groups Number Other information
Total ortholog groups 3877 Based on 4 sequenced L. lactis genomesa
Core chrOGs for sequenced 
genomes
1513 Based on 4 sequenced L. lactis genomesa
Number of groups reliably 
analysable by CGH 
3255 622 OGs not on array or not analyzed
Core chrOGs for the species L. 
lactis (37 strains)
1121 strains P7266 and P7304 omitted
Core chrOGs for the species L. 
lactis (35 strains)
1268
strains KW10 and KF282 also omitted; 
see supplemental Table S1
Core chrOGs linked to LaCOGs 1246 Supplemental Table S1
Core chrOGs only in L. lactis 72 Supplemental Table S2; not in other LAB
Variable chrOGs in 35 strains 1987 See distribution in Figure 2
a L. lactis ssp. cremoris strains SK11 and MG1363, L. lactis ssp. lactis strains 
IL1403 and KF147 
Another 2134 chrOGs contain genes which do not appear to be 
present in all strains, and of these, 280 chrOGs are found in 36 strains and 
79 chrOGs in 35 strains. From the genes that lack in only one strain, most 
are absent in KW10 (72 chrOGs) or in KF282 (70 chrOGs), possibly due 
to chromosomal sequence variations leading to poor hybridization signals. 
Since strains KW10 and KF282 show an aberrant gene presence/absence 
pattern compared to strains with the same genotype, the core genome 
would be considerably larger if these strains were also left out from the 
analysis (Figure 2B). When considering only the remaining 35 strains, 1268 
chrOGs constitute the core genome; a full list of these core genes in the 4 
reference genomes and their encoded functions is presented in Table S1 
supplementary material. Amazingly, about 180 core chrOGs (14%) consist 
of proteins with as yet unknown function (hypothetical proteins), and many 
more encode proteins with only a general function annotated (e.g. general 
enzyme or transporter family predicted only). These results show that there 
is still much unknown about the core gene functions of lactococci.
Linking core chrOGs to LaCOGs
The 1268 L. lactis core chrOGs were compared to the LaCOGs 
(Lactobacillales-specific Clusters of Orthologous Genes), which represent 
groups of genes present in at least two out of 12 sequenced LAB genomes 
(Makarova et al., 2006; Makarova and Koonin, 2007) and recently updated 
to 26 sequenced LAB genomes (Zhou et al., 2010). The vast majority (98%) 
of our core chrOGs were unambiguously linked to the LaCOGs (Table 3 
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Fig. 1. Whole genome-content based tree. Hierarchical clustering tree of L. 
lactis strains based on presence/absence of all chromosomal orthologous groups 
(chrOGs) in these strains. The binary distance metric was used in combination with 
the average linkage clustering algorithm. Solid rectangles signify dairy isolates, 
while the other strains signify mainly plant origin. The top clade of 10 strains 
corresponds to subsp. cremoris genotype, further divided into two subclades, 
corresponding to the two phenotypes, i.e. cremoris-like (upper subclade) and 
lactis-like phenotype (lower subclade). The lower clade of 27 strains contains 
only L. lactis subsp. lactis and subsp. hordniae type strain LMG8520T. This clade 
grouping subsp. lactis strains contains subclades corresponding to isolation source 
(dairy vs non dairy). Strains P7266 and P7304 are clustered far apart from the 
other subspecies with a lactis genotype.
and Table S1 supplemental material). Interestingly, in the initial definition 
of LaCOGs (Makarova et al., 2006), L. lactis strains IL1403 and SK11 
were considered as separate organisms although they belong to the same 
species. Therefore, LaCOGs actually include a number of OGs that are 
specific for the species Lactococcus lactis (see below). Based on our CGH 
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Fig. 2. Distribution of chrOGs in the strains. Distribution of chromosomal ortholog groups 
(chrOGs) in 37 strains (a) and in 35 strains (b). Strains P7304 and P7266 are omitted in (a) 
and strains KW10 and KF282 are also omitted in (b), due to ambiguities in hybridization 
efficiencies (see text). The bar on the outer right respresents the total number of chrOGs 
in the core genome. Shading indicates whether the chrOGs are present only in subsp. 
cremoris strains (black), only in subsp. lactis strains (white), or in both subspecies (grey).
analysis of 35 strains, we have now identified 72 core chrOGs/LaCOGs 
which are specific for the L. lactis species, in the sense that they are found 
in all L. lactis strains, but do not have homologs in other LAB genome 
sequences (Table 4; full details in Supplementary Table S2). 
A
B
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Diversity of chromosomal genes of Lactococcus lactis
The occurrence of numerous chrOGs in only a few strains (Figure 2) 
supports the hypothesis that the species L. lactis is genetically extremely 
flexible. Therefore, we investigated in more detail the genetic signatures, 
i.e. chrOGs, genes and gene clusters, linked to the different genomic 
subclades and to the different isolation niches. Based on total chromosomal 
gene content, the 37 strains investigated can be divided in two clusters, 
each including the type strains of the subspecies (Figure 1). In the following 
analysis, we first focused on the chrOGs specific for each subspecies clade.
Nearly 600 and 400 chrOGs were found to be specific for either 
the subspecies lactis or subspecies cremoris, respectively, of which nearly 
half specified hypothetical proteins of unknown function; full details of 
these subspecies-specific chrOGs and genes are listed in supplementary 
material Table S3. Based on our CGH analysis, a small subset of these 
subspecies-specific chrOGs appear to be present in all tested cremoris (151 
chrOGs) or all lactis strains (72 chrOGs), and hence these could be used 
as genotypic marker genes to distinguish the lactis en cremoris subspecies. 
Many of these subspecies-specific genes are organized in gene clusters in 
the reference genomes, and the functions specified by these gene clusters 
could be used in phenotypic typing. A short summary of the largest gene 
clusters and their predicted functions is presented in Table 5.  
Gene clusters unique for all subsp. lactis strains (and not present in 
any subsp. cremoris strain) include a large cluster of 17 genes for glycan 
(xylan, mannan or glucan) and xylose metabolism (Table 5), which is 
typical for plant-derived lactis strains as they can use these plant cell-wall 
components for growth, but apparently this cluster is also maintained in 
dairy lactis strains. In some lactis strains, the arabinose-utilization genes are 
also part this gene cluster (see below). The thgA-lacZ genes for galactose 
metabolism appear to be unique for all lactis strains, but are absent in 
all subsp. cremoris strains. Another lactis-unique cluster is predicted 
to be involved in nitrogen metabolism of agmatine and putrescine, both 
breakdown products of arginine. Several other lactis-specific genes are 
predicted to be involved in stress response (Table 5).
Gene clusters unique for (almost) all subsp. cremoris strains 
(and not present in any subsp. lactis strain) include antibiotic resistance, 
sugar metabolism (a-glucosides, b-glucosides, ribose), but also many 
hypothetical proteins (Table 5). Many of the cremoris-specific gene clusters 
are identified as pseudogenes in the reference cremoris genomes, which 
could indicate ongoing degeneration of genes and encoded functions.
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Table 4. Lactococcus lactis specific core genes with predicted functionsa in 35 strains.
chrOG id LaCOG id
Size 
(AA)b
Consensus function
Best hit in non-LAB 
organism
1626 LaCOG02385 162-180
acetyltransferase, GNAT 
family
Streptococcus sp
336 LaCOG02698 152
acetyltransferase, GNAT 
family
Bacteroides
1134 LaCOG02731 1436
activator of (R)-2-
hydroxyglutaryl-CoA 
dehydratase
Streptococcus sp
1884 LaCOG02722 213
aminoglycoside 
phosphotransferase
Bacillus sp
350 LaCOG02578 379-383 ATP/GTP binding protein Enterococcus sp
202 LaCOG02425 784 carbon starvation protein A
Propionibacterium 
freudenreichii
1125 LaCOG02464 134-151
dinucleoside polyphosphate 
hydrolase
Caminibacter 
mediatlanticus
262 LaCOG02721 251-261 metallo-phosphoesterase Enterococcus sp
463 LaCOG02619 462-465
MF superfamily multidrug 
resistance protein 
Listeria grayi
174 LaCOG02554 443
NAD(FAD)-utilizing 
dehydrogenase
Turicibacter sp.
2067 LaCOG02712 535 NADH dehydrogenase Paenibacillus sp
1192 LaCOG02661 101
O6-methylguanine-DNA 
methyltransferase
Bacillus sp
339 LaCOG02380 145
osmotically inducible 
protein C
Pseudomonas sp
1256 LaCOG02428
1190-
1223
pyruvate-flavodoxin 
oxidoreductase
Enterococcus sp
1483 LaCOG02566 276-296
Rgg/GadR/MutR family 
transcriptional regulator
Streptococcus sp
2408 LaCOG02658 160-163
SUF system FeS assembly 
protein
Nakamurella 
multipartita
1011 LaCOG02734 151 transporter none
2258 LaCOG02509 143 universal stress protein Enterococcus sp
636 LaCOG02670 141 universal stress protein A Enterococcus sp
1370 LaCOG02404 269-303
zinc-binding 
dehydrogenase
Streptomyces sp
a For a full list of the 72 L. lactis-specific chrOGs see supplemental Table S2.
bSize (in AA) of protein in 4 reference L. lactis genomes
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Subclade-specific clusters
Next, each branch in the tree was investigated separately for gain and 
loss of chrOGs to determine the degree of relatedness between strains 
and subclades, and to obtain insight into possible insertions and deletions 
of genes and gene clusters during diversification. Per split in the tree, 
the genes in these chrOGs were used to find clusters of adjacent genes 
in the corresponding reference genomes. Several large gene clusters were 
identified of which a selection is described below and summarized in 
Table 6 (others can be found in Supplemental Text). Tree splits, annotation 
of the gene clusters and their best BLAST hits are presented in detail in 
supplemental material Table S4.
Simple sugar metabolism
•  Arabinose metabolism. Arabinose is a monosaccharide commonly found 
in plants as a component of biopolymers such as hemicellulose and pectin. 
Plant L. lactis strains KF147 and KF282 have previously been shown to 
grow on L-arabinose, in contrast to IL1403 and SK11 (Siezen et al., 2008). 
The arabinose operon (Figure 3A) was indeed found to be specific for plant 
strains. Only strains N41, KF147, KF282, LMG8526 and B2244B were 
predicted to contain the complete arabinose gene cluster araADBTFPR. 
Eight other plant lactis strains contain an arabinose operon lacking the 
genes araFP, encoding an alpha-N-arabinofuranosidase and a disaccharide 
permease, suggesting that they cannot utilize arabinose polymers/oligomers, 
but can still use arabinose itself. 
•  Sucrose metabolism. Sucrose is the major stable product of photosynthesis 
in plants and it is also the form in which most carbon is transported. It has 
been described that genes for the biosynthesis of nisin and the fermentation 
of sucrose are located on a 70-kb conjugative transposon in L. lactis subsp. 
lactis (Kelly et al., 2000). In plant strains, the conjugative element is smaller 
and lacks the nisin genes. Here, the sucrose gene cluster (Fig. 3B) was 
found in all plant strains, except N42, M20 and E34. In an earlier study, 
plant strains KF147 and KF282 were already found to grow on sucrose, in 
contrast to dairy strains IL1403 and SK11 (Siezen et al., 2008). However, 
3 dairy strains do contain the operon: NCD0895, LMG14418 and V4. This 
suggests that the ability to ferment sucrose is not plant-specific. 
•  Galacturonate metabolism. Previously, the plant strains KF147 and 
KF282 were shown to grow on glucuronate, which is a building block 
of the complex sugar xylan, found in plant cells (Siezen et al., 2008). All 
four L. lactis strains (KF147, KF282, SK11 and IL1403) described in that 
study were found to contain a gene cluster for uptake and degradation of 
56
Chapter 4
D-glucuronate: kdgR-uxuB-uxuA-uxuT-hypAE-uxaC-kdgK-kdgA. Only 
strain KF147 was found to have an additional gene cluster for uptake 
and degradation of D-galacturonate, a compound which is formed by 
the epimerization of glucuronate, which is a building block of pectin 
(Fig. 3C). In the present study, the D-glucuronate cluster was found to be 
present in all strains, except the hordniae strain LMG8520. The additional 
D-galacturonate cluster described for KF147 was found to be only present 
in some other plant strains, i.e. KF146, KF196, KF67, LMG8526 and 
LMG9446. This suggests that these 6 plant strains are able to metabolize 
both pectin and xylan, while the rest of the plant strains can only metabolize 
xylan. 
•  α-Galactoside metabolism. α-Galactosides, such as raffinose, melibiose 
and stachyose, are oligosaccharides typical for plants. In a previous study 
comparing 4 L. lactis strains, only plant strain KF147 was found to grow on 
α-galactosides (Siezen et al., 2008). In agreement with this observation, only 
strain KF147 was then found to possess a gene cluster for α-galactosides 
uptake, breakdown and subsequent D-galactose conversion: fbp-galR-aga-
galK-galT-purH-agaRCBA-sucP (Fig. 3D). The present analysis predicts 
that 3 other plant strains also contain this gene cluster, i.e. strains KF146, 
LMG9449 and B2244B. This α-galactoside gene cluster resides on a 51-kb 
transposon in strain KF147, that could be conjugally transferred to strain 
MG1363 (Machielsen et al., 2010) and is spontaneously lost upon prolonged 
growth in milk (Bachmann, 2009). The entire transposon appears to be 
present in strain B2244B, and parts of the transposon are present in strains 
LMG9449, KF146, KF67, M20, UC317 and N42.
Complex sugar metabolism  
•  Xylan breakdown. Xylan is the main component of hemicelluloses, 
which are heteropolymers frequently encountered in plant material. Xylan 
is composed of D-xylose units, which can be substituted with side groups, 
such as L-arabinose, D-galactose or acetyl. It is a complex structure, 
requiring multiple enzymes acting together for breakdown. Xylose is 
subsequently converted into xylulose-5-phosphate, which can enter the 
pentose phosphate pathway. Earlier studies revealed the presence of a gene 
cluster predicted to be involved in xylan breakdown in plant strains KF147 
and KF282 (Siezen et al., 2008) (Fig. 3E). In the current study this gene 
cluster was only found to be present in some subsp. lactis strains, mostly 
plant-derived strains but also in two dairy lactis strains (Table 6).
•  Starch/maltose breakdown. A large gene cluster, malR-mapA-agl-amyY-
maa-dexA-dexC-malEFG, involved in breakdown of starch and its building
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Table 5. Main subspecies-specific conserved gene clusters and functions. These genes are 
predicted to be present in all strains of a subspecies, either lactis or cremoris, and absent 
in all strains of the other subspecies. Exceptions are indicated. 
A) subspecies lactis-specific
Locusa Gene Function Comment
LLKF_0567 umuC ImpB/MucB/SamB family protein  
LLKF_0568 yfiC acetyltransferase, GNAT family  
LLKF_0569 rmaJ transcriptional regulator, MarR family  
LLKF_0570 yfiE
organic hydroperoxide resistance family 
protein
 
LLKF_1314 nhaP NhaP-type Na+/H+ and K+/H+ antiporter
cluster not in UC317, 
LMG8520
LLKF_1315 ymhC hypothetical protein  
LLKF_1316 amyL alpha-amylase  
LLKF_1317 lctO L-lactate oxidase  
LLKF_1605 ypcCD
endo-beta-N-acetylglucosaminidase (EC 
3.2.1.96) 
arabinose gene cluster is 
inserted between ptk-xylT in 
some strains
LLKF_1606 dexB glucan 1,6-alpha-glucosidase (EC 3.2.1.70)  
LLKF_1607 lnbA lacto-N-biosidase (EC 3.2.1.140)  
LLKF_1608 ypcG
sugar ABC transporter, substrate-binding 
protein 
 
LLKF_1609 ypcH sugar ABC transporter, permease protein  
LLKF_1610 ypdA sugar ABC transporter, permease protein  
LLKF_1611 ypdB alpha-mannosidase (EC 3.2.1.24)  
LLKF_1612 ypdC hypothetical protein  
LLKF_1613 rliB transcriptional regulator, GntR family  
LLKF_1614 ypdD alpha-1,2-mannosidase (EC 3.2.1.24)  
LLKF_1615 ptk phosphoketolase (EC 4.1.2.9)  
LLKF_1623 xylT D-xylose-proton symporter  
LLKF_1624 xylX acetyltransferase (EC 2.3.1.-)  
LLKF_1625 xynB beta-1,4-xylosidase  
LLKF_1626 xynT xyloside transporter  
LLKF_1627 xylM aldose-1-epimerase (EC 5.1.3.3)  
LLKF_1628 xylB xylulose kinase (EC 2.7.1.17)  
LLKF_1859 arcC carbamate kinase (EC 2.7.2.2)
cluster partially absent in 
LMG9449; there are other 
copies of carbamate kinase
LLKF_1860 aguA agmatine deiminase (EC 3.5.3.12)  
LLKF_1861 yrfD agmatine/putrescine antiporter
LLKF_1862 pctA putrescine carbamoyltransferase (EC 2.1.3.6)  
LLKF_1863  transcriptional regulator, LuxR family  
LLKF_2026 corC magnesium and cobalt efflux protein  
LLKF_2027 pacB penicillin acylase (EC 3.5.1.11)  
LLKF_2028 ytaD protein-tyrosine phosphatase (EC 3.1.3.48)  
LLKF_2164 lacZ beta-galactosidase (EC 3.2.1.23)  
LLKF_2165 thgA galactoside O-acetyltransferase (EC 2.3.1.18)  
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 Table 5. B) subspecies cremoris-specific. (continues from previous page).
LACR_0451  antibiotic export permease protein inserted relative to IL1403, KF147
LACR_0452  antibiotic export ATP-binding protein  
LACR_0453  transcriptional regulator, MarR family  
LACR_0498  hypothetical protein cluster unique for L. lactis
LACR_0501  hypothetical protein gene absent in FG2, HP
LACR_0502  hypothetical protein  
LACR_0505  hypothetical protein  
LACR_0506  hypothetical protein  
LACR_0507  hypothetical protein  
LACR_0508  hypothetical protein  
LACR_0509  hypothetical protein  
LACR_0754  hypothetical protein  
LACR_0755  cold-shock DNA-binding protein family protein  
LACR_0756  cold-shock DNA-binding protein family protein  
LACR_0761  sugar ABC transporter permease in IL1403 a transposase at this position
LACR_0762  sugar ABC transporter permease  
LACR_0763  oligosaccharide-binding protein  
LACR_0764  integral membrane protein  
LACR_0765  alpha-glucosidase (EC 3.2.1.30)  
LACR_1288  transcriptional regulator, AraC family
glycan degradation; similar 
clusters in Lc. mesenteroides, 
Clostridium difficile, Bifidobacteria, 
Ruminococcus obeum
LACR_1289  major facilitator superfamily permease gene absent in FG2, HP 
LACR_1290  glucan 1,3-beta-glucosidase (EC 3.2.1.58) gene absent in FG2,HP,LMG6897T
LACR_1291 beta-xylosidase (EC 3.2.1.37) 
LACR_1632 PTS system cellobiose-specific, IIC component
whole gene cluster absent in V4, 
KW10
LACR_1633 transcriptional regulator, AraC family gene absent in FG2, HP, LMG6897T
LACR_1636 glucokinase (EC 2.7.1.2) / transcription regulator
gene absent in FG2, HP, 
LMG6897T
LACR_1637  6-phospho-beta-glucosidase (EC 3.2.1.86)  
LACR_1638 rpiB ribose-5-phosphate isomerase B (EC 5.3.1.6)  
LACR_1639 rpe ribulose-5-phosphate 3-epimerase (EC 5.1.3.1)  
LACR_1640  transcription regulator, LacI family  
LACR_2591  hypothetical protein  
LACR_2592  hypothetical protein  
LACR_2593  hypothetical protein  
LACR_2594  hypothetical protein  
 a. For the conserved OGs, members from a reference genome are listed, i.e. LLKF = L. 
lactis subsp. lactis KF147; LACR = L. lactis subsp. cremoris SK11. Numbering indicates 
genomic position relative to other chromosomal genes, where consecutively numbered 
genes are generally in an operon.
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block maltose is present in all four sequenced reference L. lactis strains: 
IL1403, MG1363, SK11 and KF147  (Fig. 3F). The CGH data predicts 
that the entire cluster is absent only in the cremoris strains HP, FG2 and 
LMG6897T, while the maltose transporter genes malEFG are absent in 10 
lactis strains. The genes for starch breakdown and subsequent uptake and 
conversion of oligo/mono-saccharides are probably lost in these 3 cremoris 
strains as a consequence of living in a lactose-rich dairy environment.
Amino acid metabolism 
•  Glutamate metabolism. Glutamate decarboxylase activity is one of the 
phenotypic traits used to distinguish subsp. cremoris from subsp. lactis 
strains (Nomura et al., 1999; Nomura et al., 2000; Nomura et al., 2002). 
CGH analysis indicates that all strains of subsp cremoris and subsp lactis 
appear to have a large gene cluster for glutamate metabolism, including 
the genes gadRCB and gltBD. The glutamate decarboxylase gene gadB of 
cremoris strain SK11 is inactive due to a frameshift mutation (Wegmann 
et al., 2007), while the gadB gene of cremoris strain MG1363 is complete 
and was shown to be active (Sanders et al., 1998). Our CGH analysis can 
only predict whether genes are present, and not whether they are active 
or inactive. Therefore we conclude that presence/absence of gadB genes 
or their activity is not suitable to distinguish subsp. cremoris from subsp. 
lactis.
•  Arginine metabolism. Arginine deiminase activity is another phenotypic 
trait used to distinguish subsp. cremoris from subsp. lactis strains. Gene 
clusters argFBDJC, argGH and argRS-arcABD1C1C2TD2 for arginine 
metabolism are predicted by CGH analysis to be present in all analyzed L. 
lactis strains. The arginine deiminase gene arcA of cremoris strain SK11 
is inactive due to a frame-shift mutation (Wegmann et al., 2007), while the 
arcA gene of cremoris strain MG1363 is complete and has been shown to 
be functional (Budin-Verneuil et al., 2006). Therefore, as described for the 
gadB genes, the presence/absence of the arcA gene does not appear to be a 
good predictor to distinguish between subsp. cremoris and lactis.
•  Branched-chain amino acid metabolism. Degradation products from 
branched-chain amino acids play a major role in cheese flavour formation 
(Smit et al., 2005). A large cluster leuABCD-ilvDBHCA involved in 
branched-chain amino acid metabolism was found to be absent in dairy L. 
lactis strain ML8, and incomplete in strains LM8520 and N41. Therefore, 
all three strains are probably incapable of synthesizing branched-chain 
amino acids. However, auxotrophy in dairy L. lactis strains may also be 
due to simple mutations in these genes, as has been demonstrated for strain 
IL1403 (Godon et al., 1993).
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Table 6. Diversity of chromosomally encoded gene clusters and functions.
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LMG6897T  C D + S+
HP         C D + S+
FG2        C D + S+
SK11       C D + + + S+
AM2        C D + + + +/- S+
NCD0763 C D + + + M+
MG1363     C D* + + + M+
N41        C + + + +/- +/- M+
V4         C D + + + + + M+
KW10       C + + +/- + ?
B2244B L + + + + +/- + + + +
LMG8526   L + + + + + + + + + +/- K+/-
Li-1       L +/- + + +/- + + + + I+/-
K231       L +/- + +/- +/- + + + + I+/-
KF7        L +/- + + + + + + +/- K+/-
LMG9449   L +/- + + + +/- + + + I+/-
KF24       L +/- + +/- + + +/- +
KF146      L + + + + + + + + +
KF134      L + + + + + + +/-
KF196      L + + + + + + + +/-
KF67       L + + + + + + + +/-
KF201      L + + + + + + I+/-
E34        L +/- + + + +
K337       L +/- + +/- +/- + + + + I+/-
M20        L +/- + +/- + + + + K+/-
LMG8520 H + + + +/-
UC317      L D + + + + I+
NCD0895 L D + + + + + + I+
ML8        L D + + + I+
LMG14418  L D + + +/- + + + +/- I+
N42        L + + + + + I+
IL1403     L D* + + + + I+
DRA4       L D + + + + I+
LMG9446   L + +/- + + + + +/-
KF147      L + + + + + + + + + + + K+/-
ATCC19435T L D +/- +/- +/- + + + K+/-
KF282      L + + +/- +/- + + + + K+/-
Predicted presence of chromosomally-encoded gene clusters and their functions in the 
L. lactis strains. L: subsp. lactis; C: subsp. cremoris; D: dairy; * denotes plasmid-cured 
strain;  +: presence of all of the required genes; +/-: presence of some of the required 
genes. Teichoic acid biosynthesis: I = IL1403 type, M = MG1363 type, S = SK11 type, 
K = KF147 type. Strains P7266 and P7304 were omitted from this analysis.
•  Citrate metabolism. Citrate utilization, with final production of acetoin 
and diacetyl, is an interesting phenotypic trait for the dairy industry. Diacetyl 
production is the criterion for naming of the biovar diacetylactis strains. The 
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genes required are citP for citrate permease (usually plasmid-located; see 
below) and operon citMCDEFXG encoding the enzymes for metabolism 
of citrate (Garcia-Quintans et al., 2008). Indeed, the chromosomal gene 
cluster was detected only in strains belonging to the biovar diacetylactis 
included in our analysis: IL1403 (plasmid-free derivative of a diacetylactis 
strain), DRA4 and M20. Only strain DRA4 has the plasmid-encoded citrate 
permease gene citP (see below).
Survival/stress response
•  Manganese transport. Manganese functions in protection against 
oxidative stress, as has been described for Bacillus subtilis (Inaoka et 
al., 1999) and Lactobacillus plantarum (Groot et al., 2005). Studies with 
tellurite-resistant L. lactis mutants showed that manganese stimulates iron 
transport and reduces oxidative stress (Turner et al., 2007). A manganese 
ABC-transporter operon mtsACB was identified in most strains, except 
lactis strain LMG9446 and dairy cremoris strains V4, LMG6897T, HP 
and FG2. The gene cluster shows high sequence similarity to genes in 
enterococci and streptococci (60-98% amino acid identity). As iron excess 
is believed to generate oxidative stress, it is possible that these strains are 
less resistant to oxidative stress because they are unable to transport iron 
efficiently and consequently have higher intracellular iron levels. 
•  Tolerance to high osmolarity. L. lactis strains from the subsp. cremoris 
have been described to be more sensitive to osmotic stress than subsp. 
lactis strains.  The mechanism of osmo-dependent repression by the 
glycine/betaine transporter encoded in the bus operon in L. lactis has 
been described in a recent study (Romeo et al., 2007). Reduced growth of 
cremoris strains at high osmolality has been shown to relate to absence or 
reduced activity of the bus operon (Obis et al., 2001). In our CGH analysis, 
both the busRAB operon and a gene cluster encoding a choline transporter 
(choQS) and glutathione reductase (gshR) were found to be absent only in 
cremoris strains HP, FG2 and LMG6897T. A high-affinity K+ transport 
system kdpDEABC (2-component regulator and ATPase) is absent in all 
cremoris strains and in the hordniae strain, but present in all lactis strains 
except diacetylactis strains IL1403 and DRA4 (Table 6). These findings 
suggest that in particular many of the cremoris strains cannot cope well 
with a high osmolarity environment, such as high salt concentrations. 
•  Nonribosomal peptide/polyketide synthesis. Several soil bacteria, such 
as Bacillus and Streptomyces species, are known to contain gene clusters 
involved in nonribosomal peptide or polyketide biosynthesis (Finking 
and Marahiel, 2004; Siezen and Khayatt, 2008). Nonribosomal peptide
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Fig. 3. Variable gene clusters involved in sugar breakdown. As no gene order is known 
for the query strains, the representative clusters present in the reference genome L. lactis 
KF147 are shown. A) arabinose metabolism; B) sucrose metabolism; C) galacturonate 
metabolism; D) α-galactoside metabolism; E) xylan breakdown; F) starch breakdown. 
Colored bars indicate operon predictions of 2 or more genes; stalks indicate predicted 
terminators. Images made using MINOMICS (Brouwer et al., 2009). Gene annotations 
are in supplemental Table S4.
synthetases (NRPS) and polyketide synthases (PKS) are of great interest, 
because they produce numerous therapeutic agents and have a great 
potential for engineering novel compounds. These multi-module proteins 
are the largest enzymes known. In recent years, NRPS and NRPS/PKS gene 
clusters have also been identified in the lactic acid bacteria Lactobacillus 
plantarum WCFS1 (Kleerebezem et al., 2003) and L. lactis KF147 (Siezen 
et al., 2008; Siezen et al., 2010). It was hypothesized that the NRPS/PKS 
product in L. lactis functions in microbe-plant interactions (defense or 
adhesion) or that it facilitates iron-uptake from the environment. Here, the 
complete NRPS/PKS gene cluster of 13 genes from strain KF147 has been 
found to be present in 5 of the L. lactis strains, i.e. the plant strains KF147, 
KF146, KF134, KF196 and Li-1, suggesting that all these plant strains are 
capable of synthesizing this as yet unknown NRPS/PKS product.
Cell envelope
•  Exopolysaccharide (EPS) biosynthesis. Bacteria living in plant 
environments are often found in biofilms, using exopolysaccharides (EPS) 
to adhere to plants (Danhorn and Fuqua, 2007). As a consequence, genes 
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involved in the physical interaction with the plant cells are expected to 
be present in the plant-derived L. lactis strains. EPS-producing strains are 
interesting for the dairy industry, as they are used to improve the texture and 
viscosity of fermented products. Our CGH results show some remarkable 
variability in chrOG distribution of EPS genes. 
A large EPS biosynthesis cluster I of about 25 genes includes 
rmlACBD and rgpABCDEF that are responsible for the formation of 
rhamnose-glucose polysaccharides (Fig. 4A) (supplementary Table S4). 
This EPS gene cluster consists of three separate parts: (A) the first part 
of 7-8 genes (rmlA-rgpB) appears to be present in all subsp. lactis and 
cremoris strains, (B) the second part of 7-8 genes (rgpC-ycbC) is present 
in all cremoris strains, but only in lactis strains KF7, KF147 and IL1403, 
while (C) the third part of 9 genes is completely different in the cremoris 
and lactis reference strains (see genes and their functions in supplementary 
Table S4). This third set of cremoris-like genes appears to be present in all 
cremoris strains and lactis strain KF282, while the third set of lactis genes, 
presumably involved in glycerophosphate-containing lipotechoic acid 
biosynthesis, is again only present in lactis strains KF7, KF147 and IL1403 
(supplementary Table S4). This variability in the composition of genes in 
this large EPS cluster suggests that a variety of different exopolysaccharide 
structures can be made by L. lactis strains.
A second large cluster II for EPS biosynthesis in the plant-derived 
strain KF147 consists of 13 genes, epsXABCDEFGHIJKL (Fig. 4B) (Siezen 
et al., 2008; Siezen et al., 2010). In the present study, this complete cluster 
was found to be present only in plant strains KF147 and KF146, while 
parts of the cluster (usually including the genes epsXABC, which possibly 
encode a basic EPS backbone structure) are present in the plant strains N41, 
KF134, KF196, KF67, KF7, LMG8526 and B2244B (Table 6). Therefore, 
this EPS gene cluster and its variants appear to be more specific for plant-
derived strains, and could encode biosynthesis of exopolysaccharides 
which are beneficial for survival in the plant environment.
This remarkable variability of EPS cluster genes in L. lactis 
confirms other observations on diversity already reported in Streptococcus 
thermophilus (Rasmussen et al., 2008), again suggesting a rich variety in 
structures of the produced exopolysaccharides in these LAB species.
•  Teichoic acid (TA) biosynthesis. A TA biosynthesis gene cluster tagL-
tagB is quite variable in the 4 reference strains (Table 6). The reference 
cremoris strain MG1363 and lactis strain KF147 have the most similar 
TA cluster, sharing 14 syntenous genes (out of 17 genes in KF147 and 
19 in MG1363) (Fig. 4C), while strain IL1403 shares only 7 (out of 15) 
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Fig. 4. Variable gene clusters for cell-envelope biosynthesis. As no gene order is known for 
the query strains, the representative clusters present in the reference genome L. lactis KF147 
are shown. A) Exopolysaccharide (EPS) biosynthesis cluster I; B) Exopolysaccharide 
(EPS) biosynthesis cluster II; C: Teichoic acid biosynthesis cluster. Colored bars indicate 
operon predictions of 2 or more genes; stalks indicate predicted terminators. Images made 
using MINOMICS (Brouwer et al., 2009). Gene annotations are in supplemental Table S4.
genes with MG1363 and KF147. In reference strain SK11, all the genes 
between tagB and tagL have been replaced by pseudogenes encoding 
transposases and a putative lipopolysaccharide-1,2-glucosyltransferase. 
All these types of TA clusters are predicted to be present in the larger set 
of L. lactis strains analyzed in this study, with the IL1403-type TA cluster 
being the most common (Table 6). The variability in the composition 
of this TA biosynthesis gene cluster suggests that different types of 
techoic acids and their derivatives may be made by L. lactis strains.
Diversity of plasmid-encoded genes
Dairy strains often contain several plasmids to provide the functions needed 
to survive and thrive in a milk environment (McKay, 1983; Davidson 
et al., 1996; Siezen et al., 2005). All known plasmid-located genes of L. 
lactis were represented on the CGH array (supplemental Table S5) which 
allowed us to assess there occurrence and distribution in the L. lactis strains 
analyzed in our study. The presence or absence of corresponding genes, 
rather than OGs, in the 39 L. lactis strains was evaluated from the CGH 
data, and is available in Supplementary material Table S6. In this case, 
initial clustering into “plasmid OGs” did not provide any advantage due to 
the large variability in types of known plasmids and their encoded proteins. 
Moreover, direct analysis of the much smaller set of plasmid genes was 
computationally easier, and allowed a direct analysis of their presence/
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absence in context of functional gene clusters. 
Overall, dairy strains appear to contain many known plasmid-
encoded functions, while plant strains contain few or none (Table 7). These 
functions include lactose metabolism (lacRABCDFEGX genes), external 
proteolysis (prtP, prtM), copper resistance (lcoCRS), cadmium resistance 
(cadAC), and manganese transport (mntH). Dairy strains harbouring 
multiple genes for replication and partitioning presumably contain multiple 
plasmids encoding these functions (Table 7). Interestingly, strains N41 and 
N42, of soil and grass origin, appear to have very similar plasmid-encoded 
functions compared to the dairy strains. Moreover, they both cluster with 
dairy strains based on chromosome content (Figure 1), and may therefore 
originally be from dairy sources. 
Several plant-derived L. lactis strains also appear to contain plasmids, 
but the encoded genes could not be predicted because our pangenome 
microarray specified probes to many known dairy plasmids, whereas 
few plasmids from plant isolates have been described and thus were not 
included on the array. Therefore our present analysis clearly underestimates 
the plasmid-encoded genes of plant L. lactis strains. The presence of genes 
for EPS biosynthesis in many plant strains does not always correlate with 
the presence of replication/partitioning genes, so those EPS genes may 
be chromosomally located (Table 6). Gel electrophoresis confirmed that 
most dairy strains contained multiple plasmids, while these plant strains 
contained very few or no plasmids (Figure 5).
Discussion 
The present study supports the view of L. lactis as a genomically very 
flexible species. Different genetic events - some reversible, some 
irreversible - influence phenotypes, which are the interactions between the 
bacterium and the environment it encounters.  Genetic transfer has been 
demonstrated to be possible between strains of the two L. lactis subspecies 
(Rademaker et al., 2007) and also with other bacteria (Bolotin et al., 2004). 
Also, literature data on amino acids auxotrophy, e.g. (Delorme et al., 
1993), and on carbohydrate metabolism, e.g. maltose degradation shown 
in the present study, confirm that auxotrophy is either due to mutations/
frameshifts or deletions. This further demonstrates the flexibility of L. 
lactis genomes, and their diversification related to niche adaptation. This is 
important also in the taxonomic perspective (Pace, 2009), as previous work 
and our study demonstrate that nomenclature based only on phenotype 
is unreliable. In fact, some phenotypic tests differentiating type strains 
of lactis and cremoris are due to severe gene deletions in the cremoris 
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Table 7. Diversity of putative plasmid-encoded genes and functions.
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LMG6897T  C D + +/- + + +
HP         C D + + + +
FG2        C D + + + + +
SK11       C D + +/- + + + +
AM2        C D + +/- + + + + +
NCD0763 C D + + + +
MG1363     C D*
N41        C + + + + + + + +/-
V4         C D +
KW10       C + +/- +/- +/- + +/-
B2244B L +/-
LMG8526   L +/- + +/-
Li-1       L + +/- + + +
K231       L + +/- +
KF7        L + + +/-
LMG9449   L + + +/- +
KF24       L +
KF146      L +/-
KF134      L +/-
KF196      L + +/-
KF67       L +/-
KF201      L
E34        L
K337       L
M20        L
LMG8520 H +
UC317      L D + + + + + + + +/-
NCD0895 L D + + + + +
ML8        L D + + + + + +
LMG14418  L D
N42        L + + + +/- + + +
IL1403     L D*
DRA4       L D + +/- + + + + +/-
LMG9446   L + +/- +/- + +
KF147      L + +/-
ATCC19435T L D + +
KF282      L +
P7304      L + +/- + +/- + +/-
P7266      L + +/- +/- + + +/-
Predicted presence of plasmid-encoded genes and their functions in the L. lactis 
strains. L: subsp. lactis; C: subsp. cremoris; D: dairy; * denotes plasmid-cured 
strain;  + denotes the presence of all or most of the required genes, +/- denotes 
the presence of some of the required genes. Genes that are known to be both 
chromosomally and plasmid-encoded are not included in this analysis: e.g. 
transposases, intergrases/recombinases, restriction / modification system (hsdM, 
hsdR, hsdS), proteolytic system (pcp, pepO, pepF, oppACBFD), cold shock 
proteins and all plasmid-encoded genes that hybridized with the plasmid-free 
strains IL1403 or MG1363.
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type strain and in a few other strains, but due to simple point mutations 
in other strains (e.g. SK11), which could be reversible. From the current 
study we conclude that species lactis diversity can best be described 
through a combination of 16S rRNA sequence, genotypic markers, and 
selected phenotypic tests. Therefore, we suggest that nomenclature of this 
species should be based on genotypic tests, e.g. fingerprinting techniques 
or specific gene sequence analysis, completed with classical phenotypic 
tests, to guarantee the continuity with classical taxonomy. A proposal 
with new guidelines is being drafted (G. Felis et al., unpublished).
Our data supports the theory that the ancestor of the species 
originally inhabited the plant niche, but was able to successfully colonize 
other habitats due to its genomic flexibility (Quiberoni et al., 2001). The 
first event in evolution appears to be subspeciation into the lactis and 
cremoris subspecies, with no evident differences between gene gain and 
gene loss, which generated the two subspecies. Adaptation to milk was a 
more recent event, and therefore appears to have happened independently 
in the two subspecies. Considering that very few ssp. cremoris strains are 
known outside the dairy environment, speciation and adaptation to milk for 
this subspecies could have happened at the same time, while adaptation in 
ssp. lactis could be a more recent event. Interestingly, the two sequenced 
cremoris strains, SK11 and MG1363, display genomic inversions (Wegmann 
et al., 2007). Therefore, structural events could have influenced speciation 
and/or adaptation to milk in this subspecies. Also, mobile elements could 
have played a crucial role, as witnessed by the plasmid location of genes 
responsible for lactose degradation and oligopeptide transport in strain 
SK11.
Our CGH analysis of presence or absence of gene clusters can be 
used to match phenotypic traits to specific genes or gene clusters, i.e. find 
correlations between gene content and functional properties. However, 
gene-trait matching is not straightforward as, for instance, many genes 
encode proteins of yet unknown function, genes can be inactivated or 
differentially expressed, and phenotypic test results can often be ambiguous. 
On the other hand, our extensive data set is an obvious starting point for 
further research to investigate gene-trait matching in L. lactis strains and to 
move further in the genome annotation procedure. In this sense, the genes 
need to be seen in their genomic and biological context and, in particular, in 
the context of cellular metabolic pathways (Teusink et al., 2005b; Teusink 
et al., 2005a). Therefore, innovative bioinformatics tools, such as Random 
Forest methods, are currently being used to investigate gene-trait matching 
and to evaluate these data in a functional perspective (see chapter 5). 
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Fig. 5. Polyacrylamide gel electrophoresis of plasmid DNA in L. lactis strains. 
Far left and right lanes contain molecular weight markers. The lower 3 panels are 
Southern blots of the same gel as at top, using probes for the citP, lacG and prtP 
genes. The arrow indicates an artefact band, present in all lanes, and presumably 
due to contaminating chromosomal DNA.
Experimental procedures
Strain selection and DNA preparation
Lactococcus lactis strains were selected from a large set of phenotypically 
and genotypically characterized strains (Rademaker et al., 2007) to 
represent the diversity of the species in terms of taxonomy and ecology. 
They belong phenotypically to both subspecies lactis (29 strains) and 
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cremoris (10 strains) and were isolated from different sources (Table 1). 
The source, growth conditions and typing of the selected L. lactis strains, 
using 16S rRNA typing and other standard methods and using outgroups 
such as Lactobacillus plantarum and Enterococcus casseliflavus, have 
been described in detail previously (Rademaker et al., 2007). These authors 
concluded that the two very divergent strains P7304 and P7266 belong to 
the L. lactis species, but that these strains follow a different lineage. DNA 
was prepared from L. lactis strains (Table 1) using the QiaAmp DNA Mini 
Kit (Qiagen GmbH, Hilden, Germany) according to the manufacturer’s 
protocol for the isolation of genomic DNA from Gram-positive bacteria.
Microarray design, data acquisition, and normalization
All L. lactis genomic, plasmid and single gene or operon DNA sequences 
(1988 sequences present in July 2005, constituting 10.7 Mb) were collected 
from the NCBI CoreNucleotide database. This included the complete 
genome sequences of L. lactis strain IL1403 (2.35 Mb, accession number 
AE005176) and the incomplete genome of strain SK11 (2.43 Mb, Genbank 
record GI:62464763). Additionally, draft genome sequences consisting 
at that time of 547 contigs (2.3 Mb) of L. lactis ssp. lactis strain KF147 
(NIZOB2230) and 961 contigs (2.6 Mb) of L. lactis ssp. lactis KF282 
(B2244W) were added. Redundant stretches of DNA were removed, where 
a DNA fragment was defined as redundant if it differed from another 
fragment by at most 2 nucleotides over a window of 100 nucleotides. 
For the remaining non-redundant 7 Mb of DNA, on each of 
the sequences, 32 bp probes were defined with a sliding window of 19 
nucleotides, resulting in a total of 386,298 probes. We also designed 3,181 
random probes with their sequence absent in the non-redundant 7 Mb of 
L. lactis DNA, and these were randomly located on the array. Details of 
array production, DNA hybridization (NimbleGen Systems Inc., Madison, 
WI, USA), data normalization, and data submission to GEO, are described 
in (Bayjanov et al., 2009). Briefly, array normalization was performed 
using the fields package (Fields Development Team; http://www.cgd.
ucar.edu/Software/Fields.) using the statistical programming language R 
(R Development Core Team, 2006, R: A Language and Environment for 
Statistical Computing, R Foundation for Statistical Computing, Vienna, 
Austria;  http://www.R-project.org). Description of the array platform with 
probe information and hybridization data of 39 L. lactis strains have been 
deposited in the Gene Expression Omnibus database (www.ncbi.nlm.nih.
gov/geo) with the accession number GPL7231.
The annotations (gene definitions and putative protein function 
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descriptions) were extracted from the GenBank files for publicly available 
sequences; for the draft sequences Glimmer (Salzberg et al., 1998) and 
InterProScan (Zdobnov and Apweiler, 2001) were used. For selected 
genes the annotation was improved using the ERGO Bioinformatics Suite 
(Overbeek et al., 2003).
Defining orthologous groups of genes (OGs)
During the course of our work, the complete sequences of L. lactis ssp. 
cremoris strains SK11, MG1363 and KF147 were published (Makarova et 
al., 2006; Wegmann et al., 2007; Siezen et al., 2010), and we re-mapped 
the microarray probes to the annotated genes in these genomes. In order 
to predict orthology among genes, the chromosome sequence of the four 
fully sequenced public L. lactis strains (subsp. lactis IL1403, subsp. lactis 
KF147, subsp. cremoris SK11, subsp. cremoris MG1363) were used.  The 
orthology prediction program InParanoid (Remm et al., 2001) was run 
to find orthologous genes among these genomes. Inparanoid’s default 
minimum bit score value of 50 and a minimum identity value of 80 were 
used for grouping genes into OGs. All possible pairwise comparisons 
between the genes of the four chromosomes were performed and iteratively 
combined to groups of chromosomal orthologous genes (chrOGs). In cases 
where inconsistencies were found between the InParanoid predictions (i.e. 
homologous genes from the 4 reference genomes were not all bidirectional 
best hits to each other), genes were regarded as not being orthologous and 
each treated as single genes in an ortholog group of size 1. The genes from 
plasmids were not categorized into OGs, but were studied as single genes 
(828 genes).
We compared our chrOGs with the complete annotated list of 
LaCOGs available at ftp://ftp.ncbi.nih.gov/pub/wolf/lacto (file LaCOGS_
table.xls) (Makarova et al., 2006).
Determination of gene conservation in the strains
A novel genotype-calling algorithm PanCGH was developed to determine 
the presence/absence of orthologous groups of genes in strains with 
unknown genome sequence (Bayjanov et al., 2009; Bayjanov et al., 
2010). Briefly, a threshold score of 5.5 was defined based on presence/
absence of orthologous groups in the four sequenced strains. This score 
was then used in the genotype-calling algorithm applied to normalized 
hybridization signals of DNA from query strains. Thus, presence/absence 
of genes was determined on the basis of signal intensities and ortholog 
distribution. Applying the PanCGH algorithm to the CGH data results in a 
binary matrix, in which the rows represent the chrOGs and the columns the 
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different strains. For each strain, a ‘1’ denotes the presence of an ortholog 
in the strain and ‘0’ denotes the absence of an ortholog. ‘NA’ signifies that 
presence or absence of an ortholog in a strain could not be estimated from 
the data due to too few valid probe signals of the chrOG members. The 
PanCGH algorithm assumes a minimum of 10 aligned probes, and hence 
CGH signal data for 622 chrOGs were not considered, as these genes were 
represented by less than 10 probes on the array. The hybridization results 
for these chrOGs were excluded from further data analysis.
Presence or absence of plasmid-encoded genes was analyzed 
separately. Probes for all published plasmids of L. lactis (supplemental 
Table S5) were also present on the array. PanCGH was used to predict 
presence/absence in query strains of the known plasmid-encoded genes 
from their hybridization signals. Genes that are known to be plasmid- 
and chromosome-encoded were not included in this analysis of putative 
plasmid genes: e.g. genes encoding transposases, intergrases/recombinases, 
restriction/modification (R/M) system (hsdM, hsdR, hsdS),  proteolytic 
system (pcp, pepO, pepF, oppACBFD), cold shock proteins and all plasmid-
encoded genes that hybridized with the plasmid-free strains IL1403 or 
MG1363. 
Hierarchical clustering of strains
To study the evolutionary relatedness and differences in genes and gene 
clusters that could have contributed to L. lactis strain diversification, a 
hierarchical clustering was performed by comparing the presence/absence 
profiles of chrOGs of the different strains to each other. Of the original 
3877 chrOGs, the 622 chrOGs containing ‘NA’ values were omitted from 
this clustering (see above). A tree was constructed using the statistical 
programming language R, with the average linkage clustering method 
based on the binary distance metric. 
Determining gene clusters contributing to strain diversification
By combining both the tree plot and the presence/absence profiles (‘NA’ 
values were again omitted), genes were identified that might be important 
for the diversification of the strains. Since plasmid genes are frequently 
exchanged between bacteria, these genes were not considered in this 
analysis. A Perl-script was developed that identifies features (chrOGs) that 
cause a clear separation between branches in a tree, encoded in the Newick-
format. The script parses the tree according to the depth-first search principle, 
in which the tree is traversed from the root to each leaf. At each split in 
the tree the presence/absence patterns of the strains in the two branches 
are evaluated. For each chrOG the fraction of presence in the two sub-
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branches is calculated and only those chrOGs with a difference in presence 
of more than 70% are selected. This allows identification of chrOGs that 
are (almost) fully absent in one branch and (almost) fully present in the 
other. From this analysis a list of chrOGs that are important for each split 
in the tree was obtained. This list was used to identify gene clusters in the 
strains, which were projected on the chromosomes of the four reference 
genomes: MG1363, IL1403, SK11 and KF147. Gene clusters can be (parts 
of) operons or functional groups of genes, involved in a certain trait. Per 
split in the tree, the genes of the reference genomes constituting a chrOG 
were retrieved. For these genes the locations in the respective genome were 
retrieved and groups of adjacent genes were identified. Furthermore, an 
operon prediction was performed for the chromosomes of the 4 reference 
strains using the Operon web-tool of the Molecular Genetics group of the 
University of Groningen (http://bioinformatics.biol.rug.nl/websoftware/
operon/). The default settings were used for the predictions (maximum 
spacing between ORFs of 100bp and Maximum energy / deltaG of 0).
Identifying subspecies-specific or niche-specific OGs
Strains were divided into two categories according to their subspecies or 
niche assignment. We used a hypergeometric test in order to find OGs that 
are mostly present in one category of strains (e.g. in ssp lactis strains) but 
almost absent in all strains of the other category (e.g. ssp. cremoris strains). 
The resulting p-values were corrected for false discovery rate and only 
OGs that have a p-value below 0.05 were considered to be specific. 
Plasmid gel electrophoresis
Isolation of plasmid DNA was performed as previously described (de 
Vos et al., 1989). Standard SDS-polyacrylamide gel electrophoresis was 
performed as described by (Sambrook et al., 1989). Southern hybridization 
was performed using probes designed to detect the typical plasmid-located 
genes citP (encoding citrate permease for citrate uptake). lacG (encoding 
6-P-b-galactosidase carried on the lactose plasmid), and prtP (encoding 
cell-wall proteinase).
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Chapter 5
Abstract 
Background
Linking phenotypes to high-throughput molecular biology information 
generated by ~omics technologies allows revealing cellular mechanisms 
underlying an organisms’ phenotype. ~Omics datasets are often very large 
and noisy with many features (e.g., genes, metabolite abundances). Thus, 
associating phenotypes to ~omics data requires an approach that is robust 
against noise and can handle large and diverse data sets.
Results
We developed a web-tool PhenoLink (http://bamics2.cmbi.ru.nl/
websoftware/phenolink/) that links phenotype to ~omics data sets using 
well-established as well new techniques. PhenoLink imputes missing values 
and preprocesses input data to (i) decrease inherent noise in the data and (ii) 
to counterbalance pitfalls of the Random Forest algorithm, on which feature 
(e.g., gene) selection is based. Preprocessed data is used in feature (e.g., 
gene) selection to identify relations to phenotypes. We applied PhenoLink 
to identify gene-phenotype relations based on the presence/absence of 2847 
genes in 42 Lactobacillus plantarum strains and phenotypic measurements 
of these strains in several experimental conditions, including growth on 
sugars and nitrogen-dioxide production. Genes were ranked based on their 
importance (predictive value) to correctly predict the phenotype of a given 
strain. In addition to known gene to phenotype relations we also found 
novel relations.
Conclusions
PhenoLink is an easily accessible web-tool to facilitate identifying relations 
from large and often noisy phenotype and ~omics datasets. Visualization of 
links to phenotypes offered in PhenoLink allows prioritizing links, finding 
relations between features, finding relations between phenotypes, and 
identifying outliers in phenotype data. PhenoLink can be used to uncover 
phenotype links to a multitude of ~omics data, e.g., gene presence/absence 
(determined by e.g.: CGH or next-generation sequencing), gene expression 
(determined by e.g.: microarrays or RNA-seq), or metabolite abundance 
(determined by e.g.: GC-MS).
Background 
The phenotype of an organism is governed by the interplay between genome 
content and cellular regulatory mechanisms. Recent high-throughput 
technologies such as microarrays, next-generation sequencing, RNA-
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seq, proteomics and metabolomics have the potential to profile presence, 
expression, and/or abundance of components involved in these regulatory 
mechanisms. These technologies assess simultaneously thousands of 
features (e.g.: gene presence, gene expression, metabolite abundance) 
generating large and often noisy data. The inherent noisiness results, for 
instance, in inaccurate genotype calling and/or inaccurate phenotypic 
measurements. Additionally, these features could have intrinsic relations 
(e.g.: correlation), which makes identifying links to phenotypes a non-
trivial task. 
Several methods have been devised to identify genetic links to phenotypes, 
which include a) correlating variation in SNP presence to phenotypes [1], 
b) correlating large-scale prokaryotic genomic data, obtained by integrating 
data from various sources like pathways and protein domains, with their 
phenotypes [2], c) combining closely related quantitative traits to identify 
genetic markers that jointly affect (a subset of) these traits [3], d) selecting 
gene sets based on their expression levels under different experimental 
conditions and then building phenotype-specific gene networks [4]. Though 
these methods allow finding relations between features and phenotypes, 
correlation based methods (a, b and c) are not suitable for finding partial 
relations, i.e. a feature that is important only for a subset of samples of a 
certain phenotype.  Classification algorithms might capture such relations. 
In addition, ~omics data sets often have many more features (e.g. genes) 
than samples (e.g. strains). Classifying such data sets leads to the small n 
(e.g., dozens of observations) large p (e.g., thousands of features) problem, 
where estimating the true contribution of a feature becomes more difficult. 
~Omics data also needs to be pre-processed for highly correlated features, 
as the contribution of such features in classification would be wrongly 
estimated in tree-based classifiers [5], and for features with homogeneous 
values across all observations as they decrease classification accuracy [6]. 
Additionally, in some experiments an imbalanced phenotype distribution 
could occur when most observations are of the same dominant phenotype. 
Many classification algorithms favor dominant phenotypes resulting in a 
biased classification [7], in turn resulting in fewer and weaker relations 
identified between features and minority phenotypes. Thus, to decrease 
noise both ~omics and phenotype data should be pre-processed before 
using these data in classification. 
Identifying links to phenotypes from ~omics data is an essential part of 
an association analysis, yet prioritizing important links is often difficult 
without adequate visualization. Furthermore, some of the links could be 
spurious due to methodological reasons (e.g.: misclassification of a sample) 
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and/or technological reasons (e.g.: cross hybridization of probes resulting 
in wrong genotyping). Therefore, visualization that integrates different 
information sources in a single figure such as networks [2] or colour 
encoded figures allow identifying gene to phenotype links more straight-
forward. Therefore, we encoded different levels of gene to phenotype or 
gene to strain relationships with colour codes. In summary, determining 
links to phenotype(s) from large data sets requires an approach that is 
robust against noise, handles imbalanced phenotype data and provides a 
comprehensive yet general visualization of links to all phenotypes. 
We developed a method, PhenoLink, that facilitates associating phenotypes 
to ~omics data (e.g.: gene presence/absence), is robust against noise, 
and decreases imbalance in phenotype data by a bagging procedure. The 
Random Forest classification algorithm is extensively used in ~omics 
data analysis because it is less resource-intensive than many classification 
algorithms (e.g.: Bayesian algorithms), it makes no implicit assumption 
regarding data properties and it is specifically suited to deal with the small 
n large p problem due to the use of many weak classifiers (see below). We 
use Random Forest to identify features that are relevant for phenotypes. The 
identified links are visualized to allow better mining of relations between 
phenotype and ~omics data. PhenoLink was implemented as a web-tool, 
which was applied to identify relations between genes (presence/absence) 
and phenotypes (sugar utilization and nitrogen-dioxide production) of 42 
Lactobacillus plantarum strains. Although L. plantarum strain WCFS1 
has been extensively studied in the past [8], we identified novel gene-to-
phenotype relations in addition to already known ones.
Methods
The PhenoLink algorithm
Our phenotype to ~omics association algorithm consists of three steps (Fig. 
1): (i) data pre-processing; (ii) feature selection using classification and (iii) 
visual representation of links to phenotypes. Below follows a description 
of each step.
Data pre-processing
Removing missing values
 As example, we used the presence/absence of genes in 42 Lactobacillus 
plantarum strains, determined from comparative genome hybridization 
(CGH) data (see below), to relate to strain phenotypes: (i) growth in 
various sugar-rich environments and (ii) nitrogen-dioxide production. The 
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phenotype (e.g.: growth or non-growth) of some strains could in some cases 
not be determined due to technical reasons. This results in missing values 
for particular phenotypic measurements for some strains, which were not 
used in the analysis of that phenotype. Missing values in ~omics data can 
be imputed by PhenoLink using a method supplied in the randomForest R 
package [18], though for this study we did not have missing values in the 
genotype data.
Removing homogeneous features
Features (e.g. genes) with little variance (below the default of 5% therefore 
having virtually identical presence patterns) across all strains are removed 
to reduce redundancy and complexity of the genotype data. Removing such 
genes in our case leads to a 30% decrease in genotype data size, and hence 
decrease in noise [6], and a significant decrease in computational time. 
Removing highly correlated features
The Random Forest algorithm builds many decision trees by randomly 
sampling a subset of the samples (in this study strains) and randomly 
sampling a small subset of features (in this study genes). The best split in 
this set is used as the split of a given node in a tree. Once one of the highly-
correlated features is used to split a node in a tree, other correlated features 
would get a much lower importance. Because importance of correlated 
features is biased towards their selection order in tree building [5], only one 
of the highly-correlated features, based on Pearson (for linear relations) and 
Spearman (for non-linear relations) correlation metrics, is used. This leads 
to improved classification accuracy and prevents dilution of contribution 
score for a feature in classification [19]. If the correlation score of any 
feature-pair is above predefined cutoffs for Pearson (default value of 0.98) 
and Spearman (default value of 0.95) correlations, they are considered 
to have (almost) identical presence/absence patterns: often these genes 
could be co-inherited e.g. in the same operon(s). After features that link to 
phenotype(s) are selected by classification (see below), the discarded and 
highly-correlated features to the selected features (e.g. operon members) 
are added to the PhenoLink output not to miss any relations. 
Feature selection using classification
Classification
Classifying ~omics data with respect to phenotype data often leads to the 
small n large p problem, with many more features (in this study genes) than 
samples (in this study strains).  In this study, 2847 genes from comparative 
genome hybridization (CGH) analysis and phenotype data for 42 L. 
plantarum strains were used. We used the Random Forest algorithm [9] 
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Fig. 1 - Flow diagram for a web-tool PhenoLink. Default values of m and r are 3 
and 5 respectively (see Methods section for more information).
implemented in the R package randomForest (version 4.5-28) [18] for the 
gene-phenotype matching as (i) it is difficult to overtrain, (ii) it is non-
parametric, no implicit assumption about any parameter of input data is 
made, (iii) it generates for each phenotype a classification error, which 
represents the percentage of strains with a particular phenotype have 
been misclassified, and (iv) it assesses a contribution score (i.e. the local 
importance of a gene) for each gene to correctly classify a strain to belong to 
given phenotype (class). The Random Forest algorithm builds an ensemble 
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of decision trees, where each tree is trained by randomly sampling both 
~omics and phenotype data. Using contribution score of genes for strains 
with the same phenotype, subset(s) of strains can be identified to which 
different genes are related.
Decreasing class imbalance by bagging
Although the Random Forest algorithm is very suited for classifying ~omics 
datasets, like many classification algorithms, it has a bias towards majority 
classes (dominant phenotypes) [7, 20]. These are phenotypes which are 
found in (far) more strains than other phenotype(s) [7, 21]. Solutions 
include several bagging techniques like over-sampling, down-sizing and 
multiple down-sizing to decrease differences in class sizes while keeping 
similar data distribution compared to the original data [20, 21]. Bagging 
allows identifying partial relations between features and phenotypes while 
effectively dealing with dominant phenotypes. We devised a different 
bagging technique to guarantee that all strains of the dominant phenotype are 
used at least l (default values of 10) times in classification. In order to create 
a bag all strains of the smallest phenotype, which has the fewest strains, are 
selected and a larger set of strains are selected from each of the remaining 
phenotypes. The size of the strain set  was empirically defined as the two 
times the total number of strains of the smallest phenotype (see threshold 
guide), which can be changed in the web-interface. Sampling continues 
until the remaining strains of a phenotype are insufficient to create a full 
bag. In this case all remaining strains of a phenotype are selected and strains 
that were used in previous bags are sampled randomly. This procedure is 
continued for l times. We term this bagging technique as multiple-covering, 
because all strains of the dominant phenotype are covered at least l times. 
Each bag is classified separately after which the feature contribution scores 
and classification errors of each bag are averaged. Both bagging techniques, 
multiple down-sizing and multiple-covering, are available in PhenoLink. 
The latter should only be used for very large datasets, because with the 
multiple down-sizing technique many bags need to be created to ensure all 
instances were selected sufficiently and classifying many bags of large data 
would increase total run-time rapidly. In this study we used the former by 
setting parameter l to 100 and bagging should always be used, because bags 
would only be created if in the supplied phenotype data the instances per 
phenotype are highly disproportionally distributed. 
Iterative removal of insignificant features
Although almost 90% of features are discarded before classification by 
removing homogeneous and highly-correlated genes (see above), for 
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the L. plantarum dataset still almost 300 genes remain. Data from each 
phenotypic experiment is classified, using the Random Forest algorithm, m 
times (in this study 3) with the same genotype data. Genes that consistently 
have positive or negative contribution scores for at least three strains of the 
same phenotype are selected or discarded. Additionally the percentage of 
instances of a given phenotype can also be used to discard features that are 
likely to be irrelevant. This circumvents identifying a feature as relevant, 
which can by chance have a positive contribution score for 3 instances of 
a phenotype with many instances. Iteration of the feature selection process 
for m times improves feature selection stability, i.e. selects only the most 
relevant features [22]. After eliminating features, classification is performed 
again until fewer than r (in this study 5) features are removed. 
Adding correlated features 
Only a phenotype of which 60% of strains are correctly classified by the 
Random Forest algorithm is considered in further analysis. This accuracy 
cutoff level of 60% allows to capture even weak relations often resulting from 
noise in input data such as wrong gene calling. After recursive elimination 
of non-informative features for each phenotype that is classified with 
sufficient accuracy, the top t (default of 50) features are selected based on 
their phenotype importance, which is the sum of the feature’s contribution 
score to classify each strain of this phenotype. In order to capture most 
of the genotype-phenotype relations, we also add features that are highly 
correlated to any of these top t features using the above-mentioned two 
correlation metrics. Added features assume the phenotype importance of a 
feature to which they are correlated. 
Categorizing continuous values in ~omics data
In visualizing identified relations to a phenotype, occurrence information 
of a feature in strains of a particular phenotype is integrated with the 
phenotype importance (see next section). Therefore only for visualization 
of feature-phenotype relations, continuous values in ~omics data (e.g.: gene 
expression data) are categorized into two groups by assigning 0 (absent) to 
values below the predefined cutoff and 1 (present) to values greater than 
or equal to this cutoff. The cutoff value should be specified in the web-
interface; by default the average of maximum and minimum values is used 
as in this study.
Categorizing continuous values in phenotype data
The Random Forest algorithm generates useful classification-related 
information, which allows in-depth analysis and better visualization of 
identified relations. Classification, unlike regression, allows identifying 
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common features for groups of strains that belong to the same class 
(phenotype). Additionally visualizing relations between each phenotype 
measurement and its related features would lead to many targets, and 
therefore create large figures, which are difficult to interpret. Therefore in 
PhenoLink, continuous phenotypic measurements are grouped by binning 
to perform classification analysis instead of regression. The default value 
of 3 bins could be adjusted depending on data type and number of instances 
(see user’s guide and threshold guide).
Visual representation of links to phenotypes
In order to better visualize links to phenotypes the contribution score 
(estimated by the Random Forest algorithm) of a feature is merged with its 
observed value (in this study presence/absence of a gene) in strains of all 
accurately classified phenotypes. Such visualization facilitates identifying 
relations between features, relations between features and single/multiple 
phenotypes, and relations between phenotypes. In order to visualize 
genotype-phenotype relations for all phenotypes together, relations are 
visualized in 6 different categories each encoded with a different colour. 
Therefore, we define the presence and absence of a feature for a phenotype 
according to the following criteria: i) a feature is assumed as sufficiently 
present if it is present in at least 75% of strains that have this particular 
phenotype; ii) a feature is assumed as sufficiently absent if it is absent in 
at least 75% of strains that have this particular phenotype; iii) otherwise a 
feature is present in a subset of strains with a particular phenotype (see Fig 
2). We use a default cutoff of 75%, which can be altered in the web-interface, 
for effective separation of stronger feature-phenotype relations from partial 
relations. For enhanced screening of the relations, the presence/absence of 
a feature for a phenotype is merged with its phenotype importance resulting 
in 6 different levels of feature-phenotype relations (see Fig 2). However, 
we use the presence/absence of features as determined from CGH data in 
visualizing links to phenotypes for each experiment separately to identify 
strain-level importance of a feature. 
Comparison of Random Forest and correlation-based feature selection 
methods
Many studies use correlation between features and phenotypes [1-3] to 
identify feature to phenotype relations. We used Pearson’s (linear relations) 
and Spearman’s (non-linear relations) correlation metrics to find features 
that are highly correlated to phenotypes. Features that have high positive 
or negative correlation to phenotypes get lower p-values and p-values are 
adjusted for multiple testing resulting in the false discovery rate using the
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Fig. 2 - Integration of 
gene significance with 
its presence/absence in 
different strains.
“fdr” method in R with the p.adjust function [23]. For each correlation 
metric all features with adjusted p-value 0.05 or smaller were selected. A 
feature (in this study a gene) that is found to be important to separate strains 
of different phenotypes is assumed important. Present (for the majority of 
strains): feature is present in at least p percent (default of 75%) of strains for 
a given phenotype. Absent (for the majority of strains): feature is absent in 
at least 75% of strains of a given phenotype. Remaining genes are present 
in a subset of strains.
Categorizing identified relations
We divided identified relations into three groups: (i) incorrect relations, (ii) 
confirming previous observations and (iii) novel relations. The predicted 
relations that were contradicted in public literature or deemed very 
unlikely based on other information such as gene annotation and phenotype 
information were assumed to be incorrectly predicted relations. Incorrect 
predictions could be due to data e.g.: noise, sample size, method e.g.: less 
bags, lower accuracy threshold, or both. Other relations were assumed as 
(potentially) correct predictions. If correct predictions were not described 
elsewhere, based on (i) a literature search, (ii) the STRING database [24] or 
(iii) NCBI’s Protein Clusters [25] databases, we assumed them to be novel. 
Identified relations that were already published were assumed correct 
confirming predictions. Here, we describe only confirming and novel 
predictions. However the described gene-phenotype relations were mostly 
selected using gene annotation information, which could lead to ignoring 
some possibly novel relations. Therefore all relations encoded in bright 
red and bright green colours (see Fig. 2) could be submitted for follow-up 
analyses.
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Experimental data
Strains
We used data of 42 L. plantarum strains (see Additional File 7) for genotype-
phenotype association analysis [8].
Phenotype data
The analytical profile index (API) test was used with 50 different sugars 
as substrates to identify growing and non-growing L. plantarum strains on 
these sugars [8]. Phenotype data could only be used in association analysis 
if it meets these two criteria: (i) in an experiment all strains cannot have 
the same phenotype and (ii) there are at least k (default value of 4) strains 
with any phenotype. Using the first criterion, phenotype information of 31 
experiments was removed (e.g. all strains grow or do not grow on a given 
sugar) leaving growth information on 19 different substrates. Among these, 
phenotype information for a total of 11 substrates met the second criterion 
(see Table 1) [8]. In addition to API tests, we also used information on 
nitrogen dioxide production [12] by these strains (see Table 1). Both 
genotype and phenotype data sets can be downloaded from the web 
address of PhenoLink. Frequently, strains with an ambiguous phenotype 
like ‘Maybe’ have been misclassified, thereby decreasing classification 
accuracy. We therefore did not use strains with this phenotype in association 
analysis; however, by default all strains are used.
 Microarray design and CGH analysis
The presence or absence of genes in the selected 42 L. plantarum strains (see 
Additional File 7) was determined using comparative genome hybridization 
(CGH) microarrays. A total of 8555 60-mer nucleotide probes targeted 
2805 annotated open reading frames (ORFs) of the chromosome and 42 
ORFs of three plasmids of L. plantarum WCFS1. On average each ORF 
was targeted by three probes evenly distributed over its entire sequence and 
each probe was present in duplicate on the array. The microarray design 
was deposited in the Gene Expression Omnibus (GEO) database and is 
available under accession number GPL5874 [8].
Normalization of microarrays
Many of the arrays contained considerable spatial bias as values of M 
=log
2
(I
sample
 /I
reference
) or A=log
2
(I
sample
 * I
reference
) displayed clear spatial 
patterns on the array (see Additional File 1). To remove this spatial bias, M 
and A were each separately corrected using the kernel-smoothing function 
from the “fields” package in R applying a normal kernel [26]. An example 
of the results of such normalization is shown in the upper two rows of 
Additional File 1. Subsequently, to correct dye intensity bias, a loess fit
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Table 1  - Phenotypic measurements of strains
Medium enriched with Phenotypesa
D-arabitol Yes (7), Maybeb (11), No (21)
D-melezitose Yes (34), No (5)
D-raffinose Yes (33), Maybe (1), No(5)
D-sorbitol Yes (35), No (4)
D-turanose Yes (32), No (7)
Glycerol Maybe (4), No (35)
K-gluconate Yes (26), Maybe (9), No (4)
L-Arabinose Yes (26), Maybe (3), No (10)
L-Rhamnose Yes (6), Maybe (8), No (25)
Methyl-.d-glucopyranoside Yes (8), Maybe (1), No (30)
Methyl-.d-mannopyranoside Yes (27), Maybe (1), No (12)
Nitrogen-dioxide production Yes (6), No (36)
a: Numbers in parenthesis show number of strains with given phenotype, for 
instance there are 32 strains that could grow on sugar D-turanose  and 7 strains 
that could not grow on this sugar. Phenotype and ~omics data are available at the 
web address of PhenoLink.
b: For some strains phenotypes could not be determined accurately resulting in 
an ambiguous phenotype “Maybe”. Using the web-interface of PhenoLink such 
phenotypes can be discarded from the association analysis (see Methods and 
User’s Guide available at PhenoLink’s web page).
[27] was performed on data points that had an M-value differing by at 
most 1 from the median of all M-values. This span includes most data 
corresponding to probes for genes present in the query strain. The loess 
fitting is shown in Additional File 1 in the lower left graph.
Probe-sequence and gene presence/absence calling
The presence or absence of a complementary sequence for a certain probe in 
the sample strain was based on the corrected M (ratio of WCFS1 to sample 
strain) values. The M-values for all probes were plotted in a histogram 
(see lower-centre graph in Additional File 1). The histograms showed 
two peaks, (i) a major one near M=0: probes with a sample fluorescence 
close to that of WCFS1, and (ii) a minor peak at (very low) M-values: 
probes that signify absence of the target sequence in the sample strain. A 
threshold value for M that lies at the minimum between the two peaks of 
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the histogram, which was determined for each array separately, was used 
to derive presence or absence from the M value of a given probe. This 
minimum was determined by calculating a smoothed numeric derivative, 
using a Lanczos differentiator [28] with 21-bin window on the M-value 
histogram divided in 400 bins, and by locating the position, below M=-
0.5, where it traversed from values below to values above zero (see lower 
central graph in Additional File 1). This M-value corresponds to a value 
closest to the minimum between the peaks.
The presence or absence of a gene from the reference strain in a sample strain 
was decided by majority vote of presence/absence calls of the probes with 
sequences corresponding to those of the gene. Most genes were represented 
by three probes with different sequences (see Microarray Design section). 
In few cases (around 0.2% of cases among all hybridizations) an equal 
number of probes voted for and against the presence of the gene, in which 
case they were assumed to be absent.
S. pneumoniae gene essentiality data 
We used gene essentiality data based on a transposon mutant library of 
S. pneumoniae [13] to test PhenoLink. This dataset consists of 45 dual-
channel microarrays, which assess signal differences of 2087 open reading 
frames (ORFs) of S. pneumoniae TIGR4 strain (see Molzen et. al. for 
more information). Array analysis was performed at 3 different time points 
with intervals 3, 9 and 15 hours. The microarray data can be obtained 
from the NCBI Gene Expression Omnibus database (http://www.ncbi.
nlm.nih.gov/geo/) with series accession number GSE21729. We classified 
the gene signals as function of different time points, different transposon 
libraries, different fluorescence channels (Cy3 and Cy5), and with different 
combinations of time points, libraries and channels. In total there were 
6 different combinations (see PhenoLink’s website for the datasets) and 
all were used in association analysis. We used Minomics to determine if 
relevant genes identified by PhenoLink are in the same operon [29]. 
Results 
PhenoLink algorithm
PhenoLink is a web-tool developed to link phenotypes to ~omics data. 
We use the Random Forest classification algorithm [9], which builds an 
ensemble of decision trees, to find relations between features derived 
from ~omics data (e.g. gene presence/absence) and phenotypic readouts. 
Imbalance in phenotype data is decreased by bagging, and only one of the 
highly correlated and none of the homogeneous features [14] in ~omics 
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data is used in classification. Based on the contribution score, only relevant 
features are used in subsequent round(s) of classification. Iterative feature 
selection allows the identification of only relevant relations between 
features and phenotypes. 
Applying PhenoLink to L. plantarum genotype and phenotype data
We used PhenoLink to identify genes that are important for phenotypes of 
42 L. plantarum strains (see Additional File 7). The genotype data consists 
of the presence/absence of 2847 genes in these strains as determined by 
CGH arrays. The phenotype data contain measurements of these strains 
for sugar utilization (49 different sugars and control), and nitrogen-dioxide 
production (see Table 1). From 51 phenotypic experiments only 12 were 
usable in association analysis (see Methods).
Once homogeneous genes were removed only 610 genes remained and of 
these 271 remained after eliminating all but one of the highly-correlated 
genes (see Methods). The default variance of 5% leads to discarding all 
features that have different values in at most two strains for the L. plantarum 
dataset (see threshold guide available at PhenoLink website). Decrease in 
phenotype imbalance using bagging (see Methods) often allowed classifying 
four additional phenotypes. Though there were no big differences in 
classification accuracy for dominant phenotypes with or without bagging, 
phenotypes with the fewest strains mostly had a classification accuracy less 
than 30% and some of them having 0% classification accuracy without 
bagging.  Bagging increased classification accuracy for some of these 
phenotypes up to 69%. There was not a significant decrease in median 
classification accuracy of all accurately classified phenotypes (less than 
a 1% decrease; see also threshold guide). Visualizing identified relations 
allowed capturing genes and gene clusters that are related to single or 
multiple phenotypes, which are described below.
Identifying novel and known links to phenotypes
Only a few gene clusters were found that relate to a single phenotype. For 
instance, a cluster of five genes (lp_3471-lp_3476) is found as important 
for methyl-d-mannopyranoside utilization (see Fig 3). In contrast, we 
found several gene clusters that are related to multiple phenotypes, and 
these include novel and well-described gene clusters such as those for 
L-arabinose [10] (Fig 4A) and L-rhamnose metabolism [11] (Fig 4B). Most 
of the genes were related to growth on sugars encode enzyme (24.2%), 
transport (17.7%) or regulatory (15.1%) functions. Many genes were related 
to multiple phenotypes (81% of all genes linked to phenotypes), which is 
partly due to the fact that some transporters and enzymes are promiscuous
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Fig. 3 - Genes related to growth on Methyl-d-mannopyranoside. Relations of 
genes to growth on Methyl-d-mannopyranoside as visualized by PhenoLink. For 
gene annotations see Additional File 9. Colour codes are explained in Figure 2. 
Colours of surrounding genes can be seen by running PhenoLink with the same 
configurations used here.
and can utilize several structurally related sugars. However, more importantly 
this demonstrates that for a manifestation of any phenotype often more than 
a single gene is important. A very large gene cluster of 28 genes was found 
to be related to nitrate reduction and nitrogen dioxide production (see 
Additional File 2 and Additional File 9) by L. plantarum strains; this gene 
cluster  was already experimentally validated to be involved in nitrogen 
dioxide production [12]. Another gene cluster containing 9 genes (see Fig 
4C) was found to be related to utilization of multiple sugars and to absence 
of nitrogen-dioxide production. 
Comparison of PhenoLink and correlation-based methods
For all usable L. plantarum phenotypic tests, genes that were found to be 
related to phenotypes were the same using both Pearson and Spearman 
correlation metrics (see Methods). On average 69% of these genes were 
also found by PhenoLink. However, on average 37% of the genes that
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 Fig. 4 - Gene clusters related to utilization of multiple sugars. Relations of 
L-arabinose (A) and L-rhamnose (B) gene clusters to utilization of multiple sugars 
as visualized by PhenoLink. A cluster of 9 genes is related to multiple sugars 
and nitrogen-dioxide production (C). For gene annotations see Additional File 9. 
Colour codes are explained in Figure 2. Colours of surrounding genes can be seen 
by running PhenoLink with the same configurations used here.
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were found by PhenoLink to be related to any phenotype were found by 
correlation. The remaining genes identified by PhenoLink could not be 
found by these two conventional correlation methods, mostly due to the 
partial relations to phenotypes or they are related to phenotypes present 
in fewer strains, and PhenoLink effectively deals with such phenotype 
imbalance by using bagging. Nevertheless, most of the clear relations 
between phenotypes and genes can be identified by both methods. For 
phenotypes of strains assessed by three API tests (D-arabitol, D-raffinose 
and Methyl-glucopyranoside) no gene was found to be related by any of 
the correlation methods. For the remaining phenotype data on average 89 
and 131 genes were found for phenotypes of each experiment, respectively 
by the correlation methods and by PhenoLink. However, some relations 
that were identified by correlation methods could not be identified by 
PhenoLink, because correlation-based methods often found genes that were 
only related to the dominant phenotype regardless of the gene’s presence/
absence values in strains of other phenotypes. Such biased relations are 
largely decreased by bagging and these genes are less likely to get higher 
contribution scores by the Random Forest algorithm as they could not be 
used to categorize strains of different phenotypes accurately. Most of the 
genes that were only identified by correlation methods have hypothetical, 
regulatory or transport and binding functions. Though the genes that were 
only identified by PhenoLink have similar functions, there were many 
protein encoding genes which were not identified by correlation. Both 
methods identified some phage proteins or transposases to be related to 
phenotypes and using a p-value of 0.01 decreases such spurious links. 
However as a consequence it would be impossible to identify any relation 
for many phenotypes based on the correlation-based methods.
Applying PhenoLink to S. pneumonia genomic array footprinting 
based gene essentiality data
We also used PhenoLink with S. pneumoniae gene essentiality data to 
identify 10 genes that were found to be significant from from a genomic 
array footprinting experiment [13] and that were experimentally proven 
to be significantly attenuated during meningitis infection. A ratio-based 
analysis of signals at initial time point (t
0
) and at time point n was used 
by the authors to prioritize genes affected by transposon insertions (see 
Methods). A ratio-based analysis is in general more suited for data from 
microarray experiments where two dyes were used, due to that signals 
from both dyes of the same hybridization share many systematic errors 
occurring in microarray experiments, e.g., position on the slide surface and 
scanning effects [14]. We analyzed this noisy dataset with PhenoLink using 
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a default classification-based analysis. The classification was based on 
signals for the respective time points. As this dataset is very noisy, a signal 
based classification is expected to be less suited than a ratio-based analysis. 
. The PhenoLink based classification accuracy was high for all classes 
(see Methods) except for experiments at time point 3 hours. Therefore, 
experimental results at time point 3 hour were not used in PhenoLink; 
however, the full dataset is available at the PhenoLink’s web-site. We found 
7 (see additional file 10) of the validated 10 genes (shown in Fig. 4 in the 
publication of Molzen et. al.) by using PhenoLink with similar parameters 
as it was used for L. plantarum dataset (see Methods). Neighbours for some 
of these genes were also found and, as expected, some of them are in the 
same operon. Additionally, we also found a few new genes to be related to 
different time-points Identified operon members and new targets are now 
being evaluated by a co-author of the genomic array footprinting study (Dr. 
P. Burghout).
Discussion 
Linking phenotypes to ~omics datasets is difficult due to size and noisiness 
of the data and lack of easily accessible tools that can (i) handle large 
and noisy data, (ii) find links to phenotypes and (iii) visualize links. We 
developed a web-tool – PhenoLink – to identify links to phenotypes using 
classification-based feature selection (in this study genes). The presence/
absence of 2847 genes in 42 L. plantarum strains and phenotypes of these 
strains was used in PhenoLink to identify links to phenotypes assessed in 
51 experiments. We tried different visualization techniques such as graph 
and tree structures for enhanced visualization of identified relations. In 
visualization as much as possible information should be embedded in a 
single figure, while still it should be easy to interpret. Visualization of 
identified links using different colours for each relationship type allowed 
capturing relations not only between genes and phenotypes, but also 
relations among genes and among phenotypes. Additionally, visualization 
allowed identifying partial relations between genes and phenotypes (shown 
in black colours), where different genes are essential for certain strains 
of a phenotype. For instance, among correctly classified polysaccharide 
(D-melezitose, D-turanose and D-raffinose) utilization experiments, only 
for D-raffinose additional polysaccharide biosynthesis genes (lp_1197, 
lp_1198 and lp_1199) were found to be related (see Additional File 5). All 
strains that can’t grow on raffinose lack these genes and most of the growing 
strains have either these genes or other polysaccharide biosynthesis genes 
(lp_1216-lp_1227) (see Additional File 6). Possibly the growing strains 
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can utilize raffinose degradation product for polysaccharide biosynthesis.
The L. plantarum strains used in this study often showed similar phenotypes, 
or some of them had ambiguously defined phenotypes such as “Maybe” due 
to either mild expression of a trait or possibly experimental error. Strains 
with this phenotype are, as expected, often misclassified. Therefore in 
this study, we discarded all strains with this phenotype; however it can be 
configured in our web tool to include them. Using ambiguous phenotypes in 
certain cases could be beneficial to validate input data as strains with similar 
gene content should have similar or the same phenotype. PhenoLink can 
be configured to generate classification accuracy plots for each experiment 
(see Additional File 3), which shows how accurately strains were classified. 
Reasons for consistent misclassification of strains are: (i) ambiguous or 
wrong phenotype, (ii) noisy ~omics data, and/or (iii) these strains could 
belong to a minority phenotype (see Methods).
In the present example, the presence/absence of genes was determined 
based on hybridization to an array containing probes to only a single 
reference strain (WCFS1) and its three plasmids. Because L. plantarum is a 
versatile species living in various environments, the gene content of many 
of these strains will be in part different from that of WCFS1 [8]. Strain 
NIZO2776 is exceptional, as it was always misclassified to be not growing 
on the sugar L-arabinose (see Additional File 3). Based on CGH data, 
16.6% of the genes of strain WCFS1 are predicted to be absent in strain 
NIZO2776 [8]; however other strains that lack even more WCFS1 genes 
have correctly been classified. Probably this strain either does not grow on 
L-arabinose (wrong phenotyping) or it uses different sets of genes to grow 
on L-arabinose, which differ too much in sequence compared to WCFS1 
genes in order to be detected by CGH. Pan-genome arrays specifying 
probes based on the genomic content of multiple strains and plasmids 
within the same species, should provide a better estimate of species-level 
genomic divergence. However, cross-hybridization of probes is the general 
disadvantage of the microarray technology, which leads to inaccurate gene 
calling. With prices decreasing continuously, next-generation sequencing 
techniques are becoming better alternatives due to their accuracy and recall 
of new or divergent genes, that using microarrays would have been missed. 
Gene presence/absence determined by sequencing would allow PhenoLink 
to determine links to phenotypes more accurately. 
PhenoLink allows decreasing huge combinations of possible experimental 
tests by pruning input data and prioritizing identified links. Though many 
phenotypes (more than 55%) were classified with accuracy above 80%, 
we used a 60% classification accuracy cutoff to accommodate noise in 
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input data such as wrong gene calling or imbalance in phenotype data. 
Identifying partial relations is inherently difficult even with classification-
based association analysis. Thus such findings, which are visualized in a 
black colour, should first be corroborated with available literature and/or 
databases before performing follow-up lab-experiments.
PhenoLink allows finding links to many phenotypes of several strains. The 
input data should contain information about at least a few strains (default 
of 4) with at least two different phenotypes (totaling 8 strains). However, 
most of the public data sets often lack either ~omics or phenotype data. 
Most of the ~omics and/or phenotype data sets are from studies of only 
a few strains, posing the small sample size problem preventing their use 
in PhenoLink, and yet many other had a phenotype imbalance problem 
[15, 16]. In this study, we describe the use of PhenoLink on two different 
datasets: (i) Lactobacillus plantarum genotype and phenotype data and 
(ii) Streptococcus pneumoniae gene essentiality data. These datasets are 
publicly available (see PhenoLink website). In PhenoLink, redundant 
and noisy features are removed before association analysis. Therefore 
an increase in the number of features would not increase proportionally 
the total run-time. We tested the increase in PhenoLink’s run-time as a 
function of an increase in the number of features. To this end we created 
two datasets by increasing total number of features for 42 L. plantarum 
strains from 2847 to 5000 and 10000. An increase in the number of features 
exponentially increased PhenoLink run-time. One has to note that this is 
likely due to that unlike with the actual L. plantarum data, most features 
in the randomly generated data had very high variances and were not often 
correlated. This in turn substantially increased the number of features used 
in classification, and PhenoLink’s run-time.
We developed a web-tool – PhenoLink – to link phenotypes to ~omics 
data. It is a flexible and versatile tool. PhenoLink can be used to effectively 
prioritize links from different ~omics datasets, such as genotype, 
transcriptome, metabolome, proteome to phenotypes. It is an easily-
accessible tool with enhanced visualization of links to phenotypes, is 
more accurate than correlation-based method and less resource-intensive 
than Bayesian-based methods. It has already been used in several studies 
to identify leads to phenotypes from diverse sets of ~omics data such as 
genotype, transcriptome and metabolome data. Thus, PhenoLink facilitates 
screening large ~omics and phenotype data sets, allowing to effectively 
capture known relations to phenotypes as well as novel relations.
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Conclusions 
Linking phenotypes to large ~omics data sets is essential for generating 
leads to understand the underlying mechanism of a phenotype. Often such 
analysis is hindered by the scale of data and lack of easy-to-use tools. We 
present an easily-accessible web-tool PhenoLink that incorporates well-
studied techniques such as feature selection, bagging, removing redundant 
or noisy features and a feature selection stability criterion into the single 
tool. Using an enhanced visualization, this tool can be used to address 
different problems with different data types and data sizes. It pre-processes 
input data to decrease noise and uses classification-based feature selection 
to accurately find features that are related to phenotypes. It identifies links 
to phenotypes more accurately than correlation-based methods, efficiently 
handles large data sets and is robust against noise [17]. Visualization allows 
quick identification of relations (i) between features and phenotypes, (ii) 
among features, (iii) among phenotypes, (iv) features and samples, which 
use different feature sets to exhibit the same phenotype, and also (v) outliers 
in phenotype data, which would allow detecting possible experimental 
errors.  Identified links might be used to improve feature annotations (in 
this study gene annotation) in selected cases with limited experimental 
validation. PhenoLink therefore allows researchers to quickly screen large 
data sets for new leads to phenotype associations.
Software availability
PhenoLink is accessible at http://bamics2.cmbi.ru.nl/websoftware/
phenolink/ and datasets that were used to demonstrate its applicability are 
available at this website as well as user and threshold guides. Source files 
and brief installation instructions of PhenoLink can be downloaded from 
http://trac.nbic.nl/phenolink.
Supporting information
Supplementary materials are available online at BMC Genomics journal’s 
web-site and these materials can also be found at: http://www.cmbi.ru.nl/
bamics/supplementary/Bayjanovetal_2012_PhenoLink/ .
Additional file 1 –Figure showing results of the normalization procedure 
of a CGH array.
The upper row shows the normalization of spatial bias for M =log(Isample 
/Ireference) and the middle row shows the normalization of spatial bias of 
A=log(Isample * Ireference). The left graphs in the upper two rows show 
the raw data, the middle two graphs show the kernel-smoothed results 
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using a normal kernel, and the right graphs show the raw results corrected 
for spatial bias using the smoothed values from the middle graphs. The 
lower left graph shows a plot of the spatial bias corrected values of M 
and A for each probe on the array. The red line is a loess fit through the 
bulk of the data. The lower middle graph shows a histogram of spatial 
bias and loess-corrected M-values. The vertical red line is drawn at the 
position of the histogram with the highest M-value below -0.5 where the 
smoothed numeric derivative of the histogram was still negative (i.e. as 
close as possible to where it traverses the zero-line!). This boundary was 
used to define whether a probe signifies presence or absence of the targeting 
sequence (i.e. left or right of the red line). Finally, the lower right graph 
shows the spatial bias and loess-corrected M-A plot with probes classified 
as signaling presence (green) or absence (blue) of the targeting sequence.
Additional file 2 –Genes related to nitrogen-dioxide production as 
visualized by PhenoLink [12].
Additional file 3 – A bar plot of classification accuracy per strain.
A bar plot showing number of times a strain have been correctly (black 
part of the bar) and incorrectly (gray part of the bar) classified by the 
Random Forest algorithm. Corresponding phenotypes (“Yes” for growth 
and “No” for no growth) of strains are shown as suffixes to strain names on 
the left side of the figure. For this figure phenotype data from L-arabinose 
utilization test was used.
Additional file 4 –Partial relations between genes and growth on sorbitol 
as shown in Figure 4C.
Genes that were found as relevant for multiple phenotypes shown in Fig. 
4C were present in a subset of strains that grow on sorbitol (black). These 
genes are present in most (26 out of 35) of the growing strains and absent 
in all non-growing strains (bright green both in this figure and Fig. 4C).
Additional file 5 –Polysaccharide biosynthesis genes related to multiple 
phenotypes as visualized by PhenoLink.
Part of polysaccharide biosynthesis cluster (lp_1197-lp_1199) was found 
to be related to only D-raffinose sugar utilization. For polysaccharides 
D-melezitose and D-turanose only other polysaccharide biosynthesis 
gene cluster (lp_1215-lp_1227) was found as relevant. Note that lp_1215 
and lp_1216 both are glycosyltransferases, but lp_1215 was not found as 
relevant to none of the polysaccharide utilization tests. Annotations of these 
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polysaccharide biosynthesis genes are given in Additional File 9.
Additional file 6 – Polysaccharide biosynthesis genes found as relevant for 
strains used in D-raffinose utilization test.
Visualization of merging presence/absence and contribution score of 
polysaccharide biosynthesis genes for strains used in D-raffinose utilization 
test. Annotations of these genes are given in Additional File 9.
Additional file 7 – Table of L. plantarum strains used in genotype-
phenotype matching analysis [8].
Additional file 8 – Table of L. plantarum strains ordered by nitrogen 
dioxide production levels.
Additional file 9 – Table containing functional annotations of genes related 
to single or multiple phenotypes.
Additional file 10 – Table containing significantly attenuated genes during 
experimental meningitis [13], which were used to test performance of 
PhenoLink.
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Abstract
Lactococcus lactis is an industrially important model organism used in 
dairy food fermentation and for efficient production of industrially relevant 
enzymes. The genome content of multiple L. lactis strains has been 
determined to understand intra-species genomic diversity and annotate 
gene functions, which can be facilitated by including phenotype data. In 
this study, we identified relations between genes and phenotypes of 38 L. 
lactis strains of dairy and plant origins.
The genotype of these strains was assessed using pan-genome comparative 
genome hybridization arrays, where array probes were based on DNA 
sequences of multiple L. lactis strains and plasmids. Phenotypes of these 
strains were determined in 210 different phenotyping experiments. Gene 
occurrence data was used in an iterative gene selection procedure, based 
on the Random Forest algorithm, to identify genotype-phenotype relations.
A total of 1388 gene-phenotype links were found, of which some confirmed 
known gene-phenotype relations, such as the importance of arabinose 
utilization genes only for strains of plant origin. We also identified a 
gene cluster related to growth on melibiose, a plant oligosaccharide; this 
cluster is present only in melibiose-positive strains and can be used as a 
genetic marker in trait improvement. Additionally, several novel gene-
phenotype relations were uncovered, for instance, genes related to arsenite 
metal resistance or growth on arginine. Our results indicate that genotype-
phenotype matching by integrating large datasets provides the possibility 
to improve gene function annotation and screening bacterial culture 
collections for desired traits, which can be validated in follow-up studies.
Introduction
Lactococcus lactis – a low-GC Gram-positive model organism, found 
frequently in both dairy and non-dairy [1] environments, has been 
extensively studied due to its industrial importance. Major focus of these 
studies has been on dairy isolates, of which the genomes of three isolates 
have been sequenced [2-4]. Plant isolates compared to dairy isolates show 
higher stress-tolerance while having comparable fermentative abilities [5]. 
Due to their larger genetic and metabolic repertoire non-dairy isolates of 
L. lactis are therefore of interest in dairy food fermentation [6]. Strains 
used in dairy starter cultures have presumably evolved from plant strains, 
where some metabolic capabilities were lost in order to adapt to dairy 
environments [7, 8]. Recently, the genome of ssp. lactis strain KF147 was 
fully sequenced [9] and that of strain KF282 was partially sequenced [10]. 
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These two plant L. lactis isolates were reported to possess many genes 
related to uptake of plant cell-wall degradation products such as arabinose 
and xylose [10]. Many genes present in these two isolates are new and 
do not have homologs in the three L. lactis strains IL1403, MG1363 and 
SK11 of dairy origin [10]. Recently, the genome of a probiotic strain (L. 
lactis ssp. lactis CV56) of vaginal origin has been fully sequenced [11]. 
Furthermore, many L. lactis strains were reported to have plasmids, 
enriching the genotypic and phenotypic repertoire of this species [3, 12]. L. 
lactis strains isolated from different niches have been reported to have high 
genomic sequence divergence [13-15], also at the subspecies level [16]. 
Their gene content partly reflects their phenotypic properties such as niche 
adaptation [10, 14, 16]. 
In general, genomic and phenotypic properties of strains have been 
studied separately [17, 18], and less frequently possible relations between 
genes and phenotypes have been studied [19]. Integrative genotype-
phenotype matching would facilitate identifying genetic markers relevant 
for the manifestation of a phenotype. Generally this is not straightforward, 
often due to large and noisy datasets or due to complex relationships between 
genes and phenotypes. Additionally, partial relations between genes and 
phenotypes, where a gene is related to only a subset of strains of a certain 
phenotype, are often ignored. Therefore, we used an iterative gene selection 
procedure (see chapter 5) to determine gene to phenotype relations more 
accurately. This allowed us to identify novel gene-phenotype relations as 
well as confirming previously reported relations. In addition to identified 
gene-phenotype relations, we also present for 38 L. lactis strains (see Table 
1) a large phenotype dataset based on 210 experiments (see supplementary 
Table 1), which could prove to be valuable in comparative analysis of these 
strains.
Methods
Strains 
For genotyping, a total of 39 L. lactis strains were selected from 91 L. lactis 
strains of which several phenotype and genotype properties were previously 
assessed [13]. These strains were isolated from plant and dairy niches and 
belong to 3 different subspecies: lactis (28 strains), cremoris (10 strains) 
and hordniae (one strain). Phenotypic properties of the strain NIZOB2244B 
were not assessed; therefore, 38 strains were used in genotype-phenotype 
matching (see Table 1).
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Table 1. Genotype and phenotype information for 38 L.lactis strains that was used 
in genotype-phenotype matching.
Strain name Subspecies Origin of isolation
#present genes
(total of 4026 
OGs)
#phenotype 
assessments
(total of 130)
AM2 cremoris dairy 2563 119
ATCC19435T lactis dairy 2047 121
DRA4 lactis dairy 2182 123
E34 lactis plant 2022 123
FG2 cremoris dairy 2301 117
HP cremoris dairy 2307 122
IL1403 lactis dairy 2289 127
K231 lactis plant 2067 124
K337 lactis plant 2002 126
KF134 lactis plant 2039 128
KF146 lactis plant 2087 130
KF147 lactis plant 2472 126
KF196 lactis plant 1978 126
KF201 lactis plant 2020 125
KF24 lactis plant 2119 128
KF282 lactis plant 1937 127
KF67 lactis plant 2096 128
KF7 lactis plant 2109 125
KW10 cremoris plant 2039 126
LMG14418 lactis dairy 2259 113
LMG6897T cremoris dairy 2308 113
LMG8520 hordniae plant 1903 113
LMG8526 lactis plant 1985 123
LMG9446 lactis plant 1983 125
LMG9449 lactis plant 2221 125
Li-1 lactis plant 2198 126
M20 lactis plant 2090 121
MG1363 cremoris dairy 2397 125
ML8 lactis dairy 2339 123
N41 cremoris plant 2405 121
N42 lactis plant 2361 125
NCDO763 cremoris dairy 2414 126
NCDO895 lactis dairy 2285 124
P7266 lactis plant 1917 126
P7304 lactis plant 2223 127
SK11 cremoris dairy 2551 119
UC317 lactis dairy 2280 125
V4 cremoris dairy 2313 113
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Phenotypic diversity tests
Strains were incubated in 96-well micro-plates in quadruplicate in 250 µl 
M17 broth (Oxoid Ltd., Basingstoke, Hampshire, England) supplemented 
with 1% glucose (wt/vol) (GM17). Medium was supplemented either 
with different concentrations of NaCl;  nisin (Sigma Chemical, St Louis, 
USA); metals: Cr(III)Cl
3
∙6H
2
O, CuCl
2
∙6H
2
O, CdCl
2
∙H
2
O, Mn(II)Cl
2
, 
HgCl
2
, NaAsO
2
, Na
2
AsO
4
∙7H
2
O, PbCl
2
; antibiotics: chloramphenicol 
(Duchefa, Haarlem, The Netherlands), erythromycin (Duchefa, Haarlem, 
The Netherlands), tetracycline (Duchefa, Haarlem, The Netherlands), 
vancomycin (Sigma Chemical, St Louis, USA), ciprofloxacin (Fluka 
Chemie GmbH, Buchs, Switzerland), neomycin (Sigma Chemical, St 
Louis, USA), penicillin G (Sigma Chemical, St Louis, USA), trimethoprim 
(Sigma Chemical, St Louis, USA); or polysaccharides.  The plates were 
incubated overnight at 30°C [20]. 
For incubation of strains in GM17 medium different temperatures (4, 
17, 30, 37 or 45°C) were used. Strains were also incubated in several other 
media: skimmed milk, skimmed milk supplement with 0.5% yeast extract 
(Difco, Becton, Dickinson and company, Sparks, USA) and MRS-broth 
(Merck KGaA, Germany). Fermentation tests of arginine hydrolase activity, 
50 different sugars and citrate were performed as reported previously [13]. 
Activity of several enzymes, i.e. branched chain aminotransferase, alpha-
hydroxyisocaproic acid dehydrogenase, aminopeptidase N, cystathionine 
β lyase, X-prolyl dipeptidyl aminopeptidase and esterase in strains 
growing on GM17-broth or CDM-media, were previously assessed [21, 
22]. More information about phenotyping experiments and results of these 
experiments are available in a supplementary Table 1. 
Genotype data
The gene content of 39 L. lactis strains was previously determined by 
pan-genome CGH arrays [23], where tiling array probes were based on 
genomic, plasmid and other gene-coding sequences of this species. We 
grouped orthologous genes into ortholog groups (OGs); bidirectional 
orthologous relations among genes of 4 fully sequenced strains (ssp. lactis 
IL1403, ssp. lactis KF147, ssp. cremoris SK11 and ssp. cremoris MG1363) 
were identified by pair-wise comparisons using InParanoid [24] with 
default parameters [23]. Genes with inconsistent bidirectional orthologous 
relations and plasmid genes of plasmid-containing strains (SK11 and 
KF147) were each treated as a separate OG containing a single gene. In 
total, 4026 OGs were created of which 149 specified single plasmid genes. 
For a gene member of an OG scoring the signal intensities of aligned 
probes determines its presence/absence in a query strain [23]. We used the 
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PanCGHweb web-tool to find presence/absence of OGs in these 39 strains 
[25].
Visualizing and identifying presence or absence of a genomic segment
Presence or absence of contiguously located genes (i.e. a gene cluster) in a 
query strain indicates that the whole genomic region encompassing these 
genes is present or absent in this particular strain. Therefore presence or 
absence of a genomic segment in a query strain compared to a reference 
strain was identified. To this end, probes aligning to a genomic region of 
interest in a reference strain were identified. The log ratio of probe signals 
in a query strain to the reference strain was visualized to identify presence 
or absence of a genomic region in a query strain.
Data pre-processing
Phenotype-related genes were identified using the Random Forest 
algorithm based on pre-processed genotype and phenotype data [26]. 
This algorithm builds many decision trees by randomly selecting subsets 
of genes and strains from the total dataset. Because of random selection, 
genes with the same occurrence pattern would get different contribution 
scores [27], which is an estimate of how important a gene is to correctly 
classify a certain strain. Thus we used only one of the highly correlated 
genes identified by Pearson’s and Spearman’s correlation metrics. Any two 
genes were assumed as highly correlated if their correlation scores were at 
least 0.98 and 0.95, respectively. Additionally, genes that are either present 
or absent in (almost) all queried strains have negligible impacts to separate 
strains of differing phenotypes [28]. Therefore they were also removed. In 
order to use results of a phenotyping experiment, there must be at least two 
different phenotypes each demonstrated by at least a few (in this study 3) 
strains. Prior to classification, phenotypes with continuous measurements 
were grouped into 3 bins, where each bin represents a different category. 
Strains that belong to the middle category were not used in genotype-
phenotype matching to improve the classification accuracy. Additionally, 
in some experiments most of the strains exhibited a single phenotype 
such as the capability to grow on a certain sugar. This leads to imbalanced 
class (phenotype) sizes, which often results in biased classification, i.e.: 
strains with a phenotype that is manifested by the least number of strains 
(a minority phenotype) are more often misclassified than strains with other 
phenotypes. Therefore imbalance in number of strains per phenotype was 
decreased by creating 100 bags, where each bag is created by selecting 
all strains of a minority phenotype and randomly selecting a larger set of 
strains from each of the other phenotypes (see chapter 5). In this study, the 
size of the larger set was defined as two times the total number of strains 
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of the minority phenotype. This decreased imbalance between phenotypes 
while not significantly decreasing the number of strains that can be used in 
genotype-phenotype matching.
Genotype-phenotype matching
Genes related to phenotypes were identified using the Random Forest 
algorithm. To decrease effects of random selection, the same genotype and 
phenotype data were classified with this algorithm 3 times and only genes 
consistently relating to phenotypes were selected. Additionally, only genes 
with a positive contribution score for at least a few (in this study 3) strains of 
a phenotype were used for further classification, which decreases spurious 
relations between genes and phenotypes. This iterative removal of genes 
continued until no more than a few (in this study 5) genes were removed 
(see chapter 5). For each phenotype, genes were sorted based on their 
phenotype importance, which is the sum of gene’s contribution score for 
each strain of this particular phenotype, and genes with higher phenotype 
importance (in this study the top 50 genes) were selected. Genes that are 
highly-correlated or have homogenous occurrence pattern were not used 
in genotype-phenotype matching (see previous section). These genes were 
added to the selected top genes provided that they were correlated to any 
gene in the top genes. The added gene was assigned the same phenotype 
importance as the gene to which it is correlated.
Visualization and analysis of genotype-phenotype relations
Visualization of the identified gene-phenotype relations facilitates quick 
screening and simplifies the analysis of these relations. Only relations to 
phenotypes that were classified with at least 60% accuracy were analyzed, 
which was empirically defined to allow visualizing even weaker relations. 
The accuracy was estimated by the Random Forest algorithm and is the 
percentage of strains that were correctly classified. Genes related to these 
phenotypes were visualized by merging the presence/absence of a gene 
with its phenotype importance. Since a gene’s presence/absence is strain-
specific, its occurrence in strains of a phenotype was quantified to determine 
if a gene is predominantly present or absent. Merging predominant 
presence/absence of a gene with its phenotype importance creates 6 possible 
combinations each represented with a different colour as shown in Fig. 1 
gene that is present in at least 75% of strains of a phenotype is assumed to 
be predominantly present and a gene that is absent in at least 75% of strains 
of a phenotype is assumed to be predominantly absent; otherwise a gene is 
assumed to be present in a subset of strains. Visualizing relations between 
accurately classified phenotypes (in this study a total of 140) 
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Table 2. Experiments grouped based on experimental conditions. These are 
experiments of which at least a single phenotype was accurately classified; for 
full list of experiments and their descriptions see supplementary Table 1.
Group name Number of experiments Description
Growth on sugar 16 Contains phenotypes based on 50CH API experiments
Antibiotic resistance 18 Contains phenotypes based on antibiotic resistance experiments
Metal resistance 17 Contains phenotypes based on metal resistance experiments
Growth on milk or 
polysaccharides 11
Contains phenotypes based on 
growth on milk or polysaccharides
Other experiments 10
Contains phenotypes based on 
all remaining experiments, which 
include growth test on medium 
with nisin, arginine hydrolase, salt 
or different enzymes.
Fig. 1. Integration of gene significance 
with its presence/absence. A gene that 
is present in at least 75% of strains of a 
phenotype is assumed to be predominantly 
present and a gene that is absent in at least 
75% of strains of a phenotype is assumed 
to be predominantly absent; otherwise a 
gene is assumed to be present in a subset 
of strains. Gene-phenotype relations 
were visualized by integrating each 
gene’s phenotype importance with its 
predominant presence/absence in strains 
of this particular phenotype, whereas in 
visualizing gene-strain relations gene’s 
contribution score and presence/absence 
in a corresponding strain were used (see 
also Fig. 2 of chapter 5).
and genes (here a total of 1388 OGs or on average 565 genes for each of 
the 4 reference strains) creates a large figure, which is difficult to analyze 
and interpret. To simplify visualization and analysis of gene-phenotype 
relations, phenotyping experiments were categorized into 5 groups based 
on experiment type: (i) growth on sugar, (ii) antibiotic resistance, (iii) 
metal resistance, (iv) growth on milk or polysaccharides and (v) remaining 
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experiments (see also Table 2 and supplementary Table 1). 
Visualization of gene-phenotype relations in reference strains allows 
identifying genes that are localized in close genomic proximity. Therefore, 
gene-phenotype relations for corresponding genes of the reference strains 
were included in the visualization (see “Data availability” section). Two 
reference strains (SK11 and KF147) have plasmids; therefore, in the 
visualization a total of 149 plasmid genes were also used. In visualizing 
gene-phenotype relations, the phenotype importance of an OG was used for 
all its members. For each reference strain on average 565 gene-phenotype 
relations were found, but we focussed our analysis on phenotype-related 
gene clusters, which are genes in close genomic proximity. Two genes 
were considered in close proximity if a distance between their genomic 
starting positions did not exceed 2500 nucleotides, which was empirically 
determined. Using distances larger than 2500 nucleotides results in 
visualizing more non-neighbouring genes (false-positives), but using 
smaller distance would discard some neighbouring genes (false-negatives). 
Discarding true neighbours from visualization has more impact than 
including non-neighbours, because non-neighbouring genes can be easily 
recognized in visualization. Remaining gene-phenotype relations were 
visualized based on genomic order of genes.
Partial relations between genes and phenotypes, where a gene is present 
in only a subset of strains with a particular phenotype, were visualized 
with black colour (Fig. 1). Gene’s occurrence in a strain was merged 
with its contribution score as shown in Fig. 1. Gene-strain relations were 
visualized to show in which strains a gene is present and to which strains of 
a phenotype a gene was found to be relevant. 
Clustering of strains based on phenotypes
Hierarchical clustering of strains based on their phenotypes would 
reveal the phenotypic similarity of strains, which might be linked to 
their genotype. Thus, strains were hierarchically clustered based on the 
phenotypes using the euclidean distance metric and  the average  linkage 
agglomerative clustering method [27]. Experiments that only contained 
phenotype information for all 38 strains were used in clustering and strains 
were clustered for each of the 5 experiment categories separately (see 
Table 2 and supplementary Table 1). Clustering was not performed for fifth 
experiment category, because there was a limited number of experiments (5 
experiments) where all 38 strains had phenotype information.
Data availability
In this study, a large amount of data was generated. Therefore all data 
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not provided in the main text or supplementary materials was deposited 
at http://www.cmbi.ru.nl/bamics/supplementary/Bayjanovetal_2012_
Lactis/. Deposited data include visualization of gene-phenotype relations 
in all reference strains for all experiment groups (totalling 20 figures) and 
visualization of signal intensity ratio of probes aligned to KF147 genomic 
segment, which contains melibiose-related genes, in 38 L. lactis strains 
(totalling 9 figures).
Results
Genotype-phenotype matching
In genotype-phenotype matching, we used the presence/absence of 4026 
OGs in 38 L. lactis strains (Table 1) determined by CGH as genotype 
data, and phenotypic measurements of these strains in 210 experiments as 
phenotype data (supplementary Table 1). After pre-processing, phenotype 
data of only 130 out of the 210 experiments were usable for genotype-
phenotype matching (see Methods). 
Only relations of genes to accurately classified phenotypes (see 
Methods) were considered in further analysis, which resulted in 140 
phenotypes, assessed in 74 different experiments. Next, based on experiment 
type, 5 categories of experiments were defined, which are (i) growth on 
sugars, (ii) antibiotic resistance, (iii) metal resistance, (iv) growth on milk 
or polysaccharides and (v) remaining experiments (see also Table 2 and 
supplementary Table 1). Each category was analyzed separately.
Many gene-phenotype relations were identified: a total of 1388 OGs or 
on average 565 genes per reference strain were identified to be related to 
at least one of these 140 phenotypes. In the present study, we focussed on 
gene clusters consisting of at least two phenotype-related genes that are 
in close genomic proximity (see Methods). Transposases, integrases and 
phage proteins were also removed, because relations between these proteins 
and phenotypes are likely to be spurious. Discarding above-mentioned 
genes decreased the number of phenotype-related genes by about 50% on 
average. In analyzing gene clusters, we first considered gene clusters of 
which their presence relates to a positive trait (e.g., growth) and absence 
relates to a negative trait (e.g., no growth). There were also many gene 
clusters with inverse patterns, where an absence of a gene cluster leads 
to a positive trait. An inverse relationship between genes and phenotypes 
might indicate that in the absence of a regulator, genes previously inhibited 
by this particular regulator can become active, which in turn might lead 
to a positive trait (e.g., survival of a strain). In the supplementary data 
we provide all identified relations including inverse relations (see “Data 
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availability” section in Methods). 
Genes related to carbohydrate utilization 
Several gene clusters related to fermentation of different sugars were 
identified by genotype-phenotype matching. Among them were gene 
clusters that were previously described to be involved in carbohydrate 
utilization [14]. For instance, the presence of a gene cluster required for 
arabinose utilization [10] was confirmed in this study to correlate strongly 
with the ability to grow on arabinose (Fig. 2; genes LLKF_1616-1622 in 
strain KF147, and their orthologs in query strains). Several gene clusters 
were found to be related to sucrose utilization; for instance a cluster of 
4 genes (LLKF_0661-LLKF_0664 in strain KF147, and their orthologs 
in query strains) that already was annotated as being involved in sucrose 
utilization (Fig. 2) [9]. The other three reference strains do not grow on 
sucrose, and this gene cluster was not found for these strains. Three genes 
of this cluster were also found to be inversely related to growth on lactose, 
where these genes were present in most of the strains that were unable to 
grow on lactose and absent in most of the strains that can grow on lactose 
(Fig. 2). Such a relationship suggests that most of the strains that grow 
on sucrose are not capable of using lactose or vice-versa. This also partly 
reflects niche adaptation of these strains, because most of the lactose-
degrading strains were dairy isolates and most of the sucrose-utilizing 
strains were of plant origin. 
A large cluster of 11 genes (Fig. 2) was found to be related to 
growth on melibiose, a plant oligosaccharide, but not to any of the other 
carbohydrates tested. This confirms an earlier observation that strain KF147 
can utilize this oligosaccharide while 3 other strains IL1403 (dairy), SK11 
(dairy) and KF282 (plant) strains cannot grow on melibiose [10]. We also 
investigated whether a genomic region that encompasses these genes was 
deleted in melibiose-negative strains, because chromosomal deletion of a 
12 kb region in Streptococcus mutans strains leads to melibiose-negative 
phenotype [29, 30]; this 12 kb region contains orthologs of LLKF_2260-
2262 of strain KF147. Because tiling pan-genome CGH arrays were used 
to identify gene occurrence in these strains, deletion of a genomic region 
in query strains can be determined (see Methods). Therefore, we visualized 
a small genomic region of approximately 20 Kb (see “Data availability” 
section) that covers the starting position of LLKF_2250 and the end position 
of LLKF_2270 on the KF147 genome. This region encompasses all these 11 
genes and several more genes. Indeed, we also observed that this large 20Kb 
region was deleted or absent in all melibiose-negative strains from both plant 
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Fig. 2. Gene clusters of L. lactis KF147 that are correlated to growth on the sugars arabinose, 
melibiose and sucrose. Colours represent strength of relationship between a gene and a 
phenotype (Fig. 1). Phenotypes are either shown as last digits in column names or with 
suffixes “high” or “low”, where 0 indicates there is no growth and other numbers indicate 
different growth levels in different experiments as described in the supplementary Table 
1. Here “high” and “low” phenotypes indicate high and low growth levels, respectively. 
For gene annotations see Table 3.
Fig. 3. A) Genes correlated to copper resistance were found on plasmids C and D of 
L. lactis SK11. B) L. lactis MG1363 genes that were found to be correlated to arsenite 
resistance. Colours represent strength of relationship between a gene and a phenotype 
(Fig. 1). Phenotypes are shown as last digits in column names, where 0 indicates there is no 
resistance and other numbers indicate different resistance levels in different experiments 
as described in the supplementary Table 1. For gene annotations see Table 3.
A
B
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and dairy origin (see “Data availability” section). Probably, only 10 genes 
consecutively located in a 15Kb region (corresponding to genes LLKF_2259-
LLKF_2269 in strain KF147) are necessary for growth on melibiose. 
Transfer of this genomic region to melibiose-negative strains, for instance 
via conjugative transfer, might allow these strains to grow on melibiose. 
Sucrose fermentation and nisin production in L. lactis were earlier 
reported to be encoded on a transposon containing sucrose utilization 
and nisin biosynthesis genes in strain NIZO R5 [31] and linkage of these 
phenotypes in 13 L. lactis strains has been demonstrated [32].  However, 
these two phenotypic properties were not linked in strain KF221, which was 
found to produce nisin but could not ferment sucrose [33]. Visualization of 
identified gene-phenotype relations revealed that sucrose-negative strains 
lack part or all of the genes related to nisin production (LLKF_1296, 
LLKF_1298 and LLKF_1300 in strain KF147) (Fig. 2). However, we 
found no strong relation between growth on sucrose and presence of nisin 
production genes, confirming a previous observation that the presence of 
nisin production genes in a strain does not always confer its growth on 
sucrose [33]. 
Genes related to metal resistance
Using genotype-phenotype matching several gene clusters were found 
relating to heavy metal resistance, and some of these genes are located 
on plasmids. For instance, we found clusters of genes related to copper 
resistance; these are located on plasmids C and D in strain SK11 (Fig. 3A), 
which confirms a previous finding [34]. One of these gene clusters (LACR 
C61-C65 in strain SK11, and their orthologs in query strains) was previously 
identified to be involved in copper resistance [12]. Additionally, a cluster of 
four genes (llmg1248-1250, 1254 in strain MG1363, and their orthologs in 
query strains) was identified by gene-trait matching to be related to arsenite 
resistance (Fig. 3B), which is usually known as a plasmid-borne trait [34], 
and two of these genes are annotated as arsenical-resistance proteins (Table 
3).
Genes related to growth on arginine
Several gene clusters were found to be relevant to arginine hydrolase 
activity, and therefore the ability to grow on arginine. A cluster of 4 
genes (L65637, L66209, L66407 and L67002 in strain IL1403, and their 
orthologs) was identified to be relevant to grow on arginine (Fig. 4A). All 4 
proteins are annotated as hypothetical proteins in strain IL1403 and two of 
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Fig. 4. A) Two clusters of L. lactis IL1403 genes related to growth in the presence of 
arginine hydrolase. B) A L. lactis MG1363 gene cluster correlated to growth in the 
presence of arginine hydrolase. Colours represent strength of relationship between a gene 
and a phenotype (Fig. 1). Phenotypes are either shown as last digits in column names or 
with suffixes “high” or “low”, where 0 indicates no growth and other numbers indicate 
different growth levels as described in the supplementary Table 1. Here “high” and 
“low” phenotypes indicate high and low enzyme activity levels, respectively. For gene 
annotations see Table 3.
them, L66209 and L67002, are probably membrane proteins as they 
belong to a cluster of orthologous groups of proteins (COGs) [35], which 
contains membrane proteins. A gene cluster of 5 MG1363 genes was also 
identified to be related to growth on arginine (Fig. 4B), and two encoded 
proteins, llmg_1257 and llmg_1259, are in the same COGs with proteins 
L66209 and L67002 of strain IL1403. The protein L67002 belongs to a 
family of membrane proteins of which some are glycosyltransferase-
associated proteins. Probably, at least two of these proteins, L66209 
and L67002, and their MG1363 orthologs, llmg_1257 and llmg_1259, 
should be re-annotated as transport proteins or maybe more specifically 
arginine transport proteins. However, experimental validation is necessary.
Another pair of genes (L129753 and L130682 in strain IL1403, and 
their orthologs) was identified to be related to growth on arginine (Fig. 4A). 
One of these two genes (L129753), annotated as a sugar ABC transporter 
substrate-binding protein, belongs to a family of membrane transport 
proteins with an InterPro [36] domain IPR000515, which has a sub-family 
of transport proteins (IPR010065) with the capability to transport various 
B
A
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Table 3. Annotations of genes shown in figures 2-6.
Gene identifier Product Figure identifier(s)
LLKF_0661 LacI family sucrose operon repressor 2
LLKF_0662 sucrose-6-phosphate hydrolase 2
LLKF_0663 PTS system sucrose-specific transporter subunit IIABC 2
LLKF_0664 fructokinase 2
LLKF_1239 osmosensitive K+ channel response regulator 2
LLKF_1240 high-affinity K+ transporter ATPase chain A 2
LLKF_1241 high-affinity K+ transporter ATPase chain B 2
LLKF_1296 nisin transport protein NisG 2
LLKF_1297 nisin transport protein NisE 2
LLKF_1298 nisin transport protein NisF 2
LLKF_1299 nisin biosynthesis two-component system, sensor histidine kinase NisK 2
LLKF_1300 nisin biosynthesis two-component system, response regulator NisR 2
LLKF_1616 L-arabinose isomerase 2
LLKF_1617 L-Ribulose-5-phosphate 4-epimerase 2
LLKF_1618 L-Ribulokinase 2
LLKF_1619 arabinose-proton symporter 2
LLKF_1621 disaccharide permease 2
LLKF_1622 GntR family arabinose operon repressor 2
LLKF_1623 D-xylose-proton symporter 2
LLKF_2252 transcriptional regulator 2
LLKF_2259 sucrose phosphorylase 2
LLKF_2260 sugar ABC transporter permease 2
LLKF_2261 sugar ABC transporter permease 2
LLKF_2262 sugar ABC transporter sugar-binding protein 2
LLKF_2263 AraC family transcriptional regulator 2
LLKF_2264 Phosphoribosylaminoimidazolecarboxamide formyltransferase/IMP cyclohydrolase 2
LLKF_2265 galactose 1-phosphate uridylyltransferase 2
LLKF_2267 alpha-galactosidase 2
LLKF_2268 LacI family transcriptional regulator 2
LLKF_2269 fructose 1,6-bisphosphatase 2
LACR_C61 DNA-binding response regulator 3.A
LACR_C62 Signal transduction histidine kinase 3.A
LACR_C63 prolipoprotein diacylglyceryl transferase 3.A
LACR_C64 hypothetical protein 3.A
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Table 3. Annotations of genes shown in figures 2-6 (continues from previous page)
Gene identifier Product Figure identifier(s)
LACR_C65 surface antigen 3.A
llmg_1248 arsenical pump-driving ATPase 3.B, 6
llmg_1249 hypothetical protein 3.B, 6
llmg_1250 putative arsenical-resistance protein 3.B, 6
llmg_1254 hypothetical protein 3.B, 6
L65637 hypothetical protein 4.A
L66209 hypothetical protein 4.A
L66407 hypothetical protein 4.A
L67002 hypothetical protein 4.A
L129753 sugar ABC transporter substrate binding protein 4.A
L130682 sugar hydrolase 4.A
llmg_1257 hypothetical protein 4.B
llmg_1258 hypothetical protein 4.B
llmg_1259 hypothetical protein 4.B
llmg_1260 hypothetical protein 4.B
llmg_1263 hypothetical protein 4.B
LACR_D01 cellobiose-specific PTS system IIC component 5
LACR_D02 cellobiose-specific PTS system IIA component 5
LACR_D03 tagatose 1,6-diphosphate aldolase 5, 3.A
LACR_D04 tagatose-6-phosphate kinase 5, 3.A
LACR_D05 galactose-6-phosphate isomerase subunit LacB 5
LACR_D06 galactose-6-phosphate isomerase subunit LacA 5, 3.A
LACR_D07 lactose transport regulator 5
LACR_D08 site-specific recombinase, DNA invertase Pin related protein 5, 3.A
LACR_D23 replication initiator protein 5, 3.A
LACR_D24 ATPase for chromosome partitioning 5, 3.A
LACR_D27 hypothetical protein 5
LACR_D28 hypothetical protein 5
LACR_D30 manganese transporter NRAMP 5, 3.A
LACR_D31 universal stress protein UspA-like nucleotide-binding protein 5, 3.A
LACR_D33 aminoglycoside N3’-acetyltransferase 5
LACR_D38 galactose mutarotase-like protein 5, 3.A
LACR_D39 6-phospho-beta-galactosidase 5, 3.A
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amino acids like histidine and arginine. Probably this gene and its orthologs 
are capable of transporting arginine across the membrane. The second gene 
(L130682) is annotated as a sugar hydrolase, and its ortholog in strain 
KF147 is annotated as an alpha-mannosidase. Therefore, functions of both 
L129753 and L130682 should be experimentally validated and probably 
current general function descriptions of both genes should be refined. 
Plasmid genes related to phenotypes
Plasmid genes are necessary for manifestation of some phenotypes. For 
instance, the lactose metabolism genes are localized on plasmid D of SK11 
[12]. Indeed, we found that the presence/absence of these lactose metabolism 
genes (LACR_D01-07 and D38-39 in SK11, and their orthologs in query 
strains) in the 38 strains to be highly correlated to growth on lactose (Fig. 
5). Again, there appears to be an inverse relationship with the presence of 
these same lactose utilization genes for no-growth on some other sugars 
(trehalose, arbutin, amygdalin). Thus, using plasmid genes in addition to 
chromosomal genes in genotype-phenotype matching allowed confirming 
previously known functions of some plasmid genes and identifying novel 
relationships between plasmid genes and some phenotypes.
Partial gene-phenotype relations
For each experiment category several (on average 9) partial relations 
between gene clusters and phenotypes were identified. Most of these gene 
clusters contain only two genes and were often found to be relevant to 
a negative trait (e.g.: no-growth). Here we present only partial relations 
between a cluster of four genes of strain MG1363 (and their orthologs in 
query strains) and arsenite resistance (Fig. 3B). These genes were found to 
be relevant for strains growing at 0.9625 mM of arsenite and are present 
in most of the highly resistant strains. However, some of these genes are 
not sufficiently present or absent in strains with no or mild resistance (Fig. 
3B). Visualizing occurrence of these genes in strains revealed that they are 
mostly absent in strains with no arsenite resistance phenotype and mostly 
present in strains with mild or high arsenite resistance phenotypes (Fig. 6).
Strain similarity based on phenotypes
Integrated analysis using an iterative gene selection identified gene-
phenotype relations that could not be found by studying genotype and 
phenotype data separately. A recent extensive genotyping study of L. 
lactis strains revealed that chromosomal OG based hierarchical clustering 
of these strains shows a high correspondence with the sub-speciation, 
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Fig. 5. Genes correlated to growth on lactose were found on plasmid D of L. 
lactis SK11. Colours represent strength of relationship between a gene and a 
phenotype (Fig. 1). Phenotypes are either shown as last digits in column names 
or with suffixes “high” or “low”, where 0 indicates there is no growth and other 
numbers indicate different growth levels in different experiments as described 
in the supplementary Table 1. Here “high” and “low” phenotypes indicate 
high and low growth levels, respectively. For gene annotations see Table 3.
Fig. 6. L. lactis MG1363 genes that were found to be correlated to arsenite 
resistance with 0.9625 mM concentration (see Table 1 for strain information and 
Table 3 for gene annotations). Colours represent strength of relationship between 
a gene and a strain (Fig. 1). Phenotypes are shown as last digits in column names, 
where 0, 1 and 2 indicate no resistance, mild resistance and high resistance 
respectively.
whereas hierarchical clustering using plasmid genes reflects niche-
adaptation properties [14]. In this study, we also analyzed these strains using 
only their phenotype information (see Methods). Since each experiment 
category represents related set of experiments, using all phenotype data 
for clustering would not allow identifying the effect of an experimental 
condition. Therefore for 4 of the experiment categories (Table 2), strains 
were hierarchically clustered based on their phenotypes (see Methods 
and also supplementary Fig. 1-4). Based on visual observations, strains 
isolated from the same source showed different levels of phenotype 
similarity: growth on sugar (high similarity), antibiotic resistance 
experiments (medium similarity), growth on milk and polysaccharides 
(low similarity) and metal resistance (no similarity). Phenotype-based 
121
Genotype-phenotype matching analysis of 38 Lactococcus lactis strains
 
Ch
ap
te
r 
6
hierarchical clustering of these strains showed that niche properties better 
correspond to phenotype differences of strains rather than their genotype 
differences. Clustering provided only limited information and, thus, it can 
only be used as an initial screening of phenotype data. Though in-depth 
analysis of phenotypes would reveal more links, many more links would 
be identified by integrative analysis of phenotype and genotype data.
Discussion and Conclusions
Genotype-phenotype association analysis of 38 L. lactis strains by 
integrating large genotype and phenotype datasets allowed quick screening 
of gene to phenotype relations. Only the top 50 genes per phenotype were 
selected as important (see Methods), because probably most significant 
genes related to a phenotype should be among these 50 genes. This also 
simplifies the analysis of gene-phenotype relations. Furthermore, identified 
relations were visualized by integrating each gene’s occurrence with its 
phenotype importance, which allows a quick screening of many relations. 
We described only a few examples where the annotation of genes could 
be refined and a few cases where new functions are suggested for genes 
with unknown functions. As of yet, only a few novel links were identified, 
but analyzing all identified gene-phenotype relations in detail should allow 
finding more novel links and refining annotations of more genes. 
 Genotype-phenotype matching allows fast screening for possible 
relations between genes and phenotypes. Some of these relations could also 
have been identified using correlation methods. However, partial relation 
between a gene and a phenotype, where this gene is related to only a subset 
of strains with this particular phenotype, cannot be captured by correlation 
methods. We had data for 38 strains and, thus, there was a limited number 
of strains with each phenotype and in some experiments many strains 
manifested the same phenotype. Therefore, very few partial gene-phenotype 
relations were identified. More partial relations could be identified using 
datasets with larger sample sizes, which would allow finding gene clusters 
with similar functions. For instance, two sets of strains with the same 
phenotype might each use a different gene cluster for the same phenotype 
and each gene cluster can then be further validated if they share the same 
functions. 
Even with DNA sequencing prices dropping, determining gene 
content of dozens of strains by genome sequencing could still be costly. 
Pan-genome arrays allow querying occurrence of genes in multiple strains 
more cost-effectively, but genes absent in reference sequences and strongly 
divergent genes would be missed. Though the presence/absence data can 
122
Chapter 6
be linked to phenotypes, it cannot account for effects of regulatory control 
or post-translational modifications. Thus putative gene-phenotype relations 
should be experimentally tested by high-throughput techniques such as 
gene expression analysis.
Annotating genes of a genome is essential in understanding genomic 
properties of any strain. Gene annotation is often based on sequence 
similarity, so mistakes in annotating a single gene could propagate to 
multiple genes. Therefore identified gene-phenotype relations should be 
linked to various information sources via genes and/or phenotypes to 
validate identified relations. This would allow decreasing error propagation 
introduced by sequence similarity based gene function prediction 
approaches; therefore playing a complementary role in gene function 
prediction. Genotype-phenotype matching results show that the largest 
group of proteins related to phenotypes was hypothetical proteins indicating 
that gene annotations could still be improved for all 4 reference strains. 
For instance, for some genes, which were found by genotype-phenotype 
matching to be related to certain phenotypes, more general or no function 
at all were defined in the first sequenced L. lactis genome (IL1403) and 
annotations for strain orthologs of these genes were improved in a more 
recently sequenced strain KF147 [9]. Genomes of more bacterial strains are 
sequenced on a daily basis, which shows the critical importance of accurate 
gene function prediction. Identified gene-phenotype relations would allow 
more accurately determining functions of many genes, and hence better 
understanding of genotype- and phenotype-level differences among 38 L. 
lactis strains.
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Summarizing Discussion
This thesis describes bioinformatics methods and tools that enable 
genotyping, comparative genomics and genotype-phenotype matching 
analysis of closely related bacterial strains. These methods were tested 
on and used for genotype-phenotype analysis of Lactococcus lactis and 
Lactobacillus plantarum strains. Due to industrial importance, genotype 
and phenotype properties of these strains have been extensively studied in 
our collaborating projects with Top Institute Food and Nutrition (TIFN) and 
NIZO food research (NIZO). In this chapter, we summarize these methods, 
tools and main findings of the analyses that are presented in the preceding 
chapters. Possible applications of these tools to strains of other species and 
improvements for the described methods are also briefly discussed.
Genome content differences among strains of the same species can 
be efficiently captured by using DNA microarrays. Accuracy of identified 
differences depends largely on gene content and nucleotide sequence 
similarity among queried strains, and on experimental array setup such 
as array design. L. plantarum strains were genotyped using comparative 
genome hybridization (CGH) arrays1 (see also chapter 5). Probes on 
this array were based on strain WCFS1 – at that time the only available 
sequenced L. plantarum genome. Some of the queried L. plantarum strains 
probably have large genomic differences due to the versatile nature of L. 
plantarum strains as they can easily adapt to different environments by 
acquiring or losing genes2. A recent study3 that compared CGH results of 
several of these query strains to their respective genome sequences revealed 
that some of the genes that were not captured by CGH arrays are in fact 
present in these strains (false-negatives). The false-negatives were due to 
either a low nucleotide sequence identity to reference genes spotted on the 
CGH array, or these genes were not present in the reference strain used 
for CGH probe design. It is therefore important to base probes on as many 
as possible reference genome sequences to account for higher sequence 
variability. 
To this end a pan-genome CGH array, where probes were based on 
DNA sequences of 4 reference strains and multiple plasmids of the same 
species, was used for querying the genome content of 39 L. lactis strains (see 
chapter 2). Pan-genome arrays are necessary for more accurate genotyping 
of L. lactis strains, because L. lactis strains have a larger genome sequence 
divergence and genome size difference that reaches up to 20% difference4. 
The large genome size difference of L. lactis strains hints to a large size of 
its pan-genome, or its total gene repertoire. Determining the pan-genome 
of L. lactis or of any species with large genomic divergence would require 
129
Summarizing Discussion
 
Ch
ap
te
r 
7 
sequencing of many of its strains. However, the size of the pan-genome of L. 
lactis can be estimated by analyzing and combining all sequenced genomes 
of strains of this species. Because the largest genome should constitute 
the largest part of the pan-genome, we started the cumulative pan-genome 
analysis with the genome of L. lactis strain KF147. In this cumulative pan-
genome analysis we did not include plasmid genes and used only one of 
the homologous genes, which are genes with similar sequences and the 
same or similar functions. Next, we added all non-homologous genes of 
a strain with the second largest genome (NZ9000), which increased the 
pan-genome size from 2444 to 2980 genes. After adding non-homologous 
genes of another 5 sequenced strains, the total number of genes reached 
4004, as shown in Figure 1. The observed trend shows that after adding 
genes of a few more genomes, not more than 100 non-homologous genes 
would be added for a subsequent genome. Thus a pan-genome array, with 
probes based on these 7 genomes, would allow capturing up to 90% of the 
L. lactis pan-genome. However, this simple analysis largely underestimates 
the required number of genomes, because, as shown in chapters 2 and 4, the 
4 reference strains do not represent the total genomic variability among L. 
lactis strains. For instance, two of these strains (P7344 and P7266) are very 
distantly related to other strains5 (see also chapter 2) and, thus, these two 
strains probably have many genes that have no homologs in 4 reference 
strains. In addition, due to high sequence divergence, many genes of these 
two strains were not detected using the pan-genome array. Therefore, to 
accurately determine a pan-genome of any species, pan-genome arrays and 
DNA sequencing could be used together. For this, strains with divergent 
sequences are first identified by pan-genome arrays and genomes of 
identified divergent strains are then sequenced. Subsequently, pan-genome 
arrays, of which probes are now based on more reference genomes, are 
used to identify the next set of divergent strains. Such an iterative approach 
would allow determining a pan-genome with sufficient accuracy and, 
probably, lower costs than sequencing dozens of strains.
Genotyping using pan-genome arrays has found its use for several 
other bacterial species6-11, but identifying gene occurrence in queried strains 
using pan-genome array data is often the major bottleneck in a genotyping 
process. Therefore we developed a web-tool – PanCGHweb that allows 
analyzing pan-genome array data (see chapter 3). The web-tool can be 
enriched with new features such as allowing users to upload pre-defined 
groups of orthologous genes, which are homologous genes created by 
speciation. Though determining the gene content of strains by DNA arrays 
is rapidly being replaced by DNA sequencing, determining the pan-genome 
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Fig. 1. L. lactis 
pan-genome size 
determined by 
cumulative addition 
of genes from 7 
strains of this species.
or screening for small genomic differences among many strains could 
still be achieved more cost-efficient using DNA arrays. Nowadays 
whole-genome sequencing prices for bacteria (approximately 900 
US$) have comparable prices to very high-dense DNA arrays (900 
US$ for a 4.2 million probe Nimblegen arrays with custom design; 
see http://www.nimblegen.com/products/cgh/custom/4.2m/index.
html*). However, this could change as the “1000 US$ per genome” 
mission might be realized soon even for a human genome12. Meanwhile 
the PanCGHweb (chapter 3) and underlying methodology (chapter 
2) would serve for researchers to facilitate genotyping analysis.
Genotyping results of L. lactis strains, which were based on pan-
genome arrays, were used in a comparative analysis of these strains at the 
level of orthologous genes (see chapter 4). Using orthologous relationships 
between genes had simplified the comparative analysis and allowed 
identifying genes with similar functions more easily. Comparing these 
* This URL was accessible and correct at the time of writing this chapter, 
however it may not be used for archival purposes as URLs are by their 
nature ephemeral.
131
Summarizing Discussion
 
Ch
ap
te
r 
7 
strains based on gene occurrence data alone revealed new insights both on 
genotype, phenotype and niche-specific properties of L. lactis strains (see 
chapter 4). L. lactis ssp. cremoris KW10 strain, isolated from fermented 
corn (Kanga way), has a divergent sequence (see above for other divergent 
strains P7344 and P7266) and is distantly related to all other ssp. cremoris 
strains in a phylogenetic tree based on gene occurrence data (see chapters 
2 and 4). And, this strain is currently being sequenced in New Zealand 
(Bill Kelly, personal communication). Though we did not study these 
strains further, determining the gene content of these three strains by DNA 
sequencing would help to better understand evolutionary relations among 
L. lactis strains. Genotype and phenotype information need to be combined 
for more accurate taxonomical classification of these strains, because, 
as we suggested earlier (see chapter 4), phenotype-based taxonomical 
classification is mostly unreliable for L. lactis strains. Because phenotypic 
tests assess only phenotype differences, of which some were attained via 
gene deletions while others via point mutations, integrating genetic markers 
in taxonomical classification would be more reliable as point mutations are 
more easily reversible than gene deletions. 
Associating the genetic content of an organism to its phenotype 
was always important in biology, whether it is performed at the level of 
a few genes and phenotypes or between thousands of genes and many 
phenotypes. High-throughput technologies have significantly changed such 
association analyses, because they allow assessing presence and absence of 
thousands of genes simultaneously. Analyzing the relation of each gene 
to a phenotype separately is very tedious and error-prone in estimating 
the total effect of multiple genes on phenotype. Additionally, relations 
between genes such as relations between operon members might not be 
identified. Many methods and tools have been developed for association 
analysis and most of them are based on multivariate statistics, which can 
take simultaneous changes in multiple genes into account. These methods 
range from linkage analysis to QTL (quantitative trait locus) mapping 
and some of them include sophisticated algorithms that allow extensive 
analysis of genotype and phenotype data13. In PhenoLink (chapter 5), 
however, we used a very straightforward approach by integrating well-
studied bioinformatics methods such as classification-based feature (gene) 
selection. In such a feature selection procedure the most relevant features are 
selected. These are features that allow correctly predicting more instances 
(strains) to belong to a given class (phenotype). Thus, PhenoLink allows 
extracting links between two datasets of (almost) any data type making 
it ideal for screening purposes and, hence, for lead generation. Selecting 
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leads such as top-ranking genes from large datasets is important for many 
ongoing collaborations the Bacterial Genomics group is involved in, such 
as TIFN projects and projects with other partners. In order to ensure stable 
future use, only well-studied and general methods should be integrated 
into PhenoLink; however its source code is publicly available for further 
improvements.
Methods and tools described in this thesis were all based on 
applications to experimental data from various laboratories and, thus, they 
can be directly applied or easily adapted to similar datasets, as shown 
in the analysis of gene essentiality data of a Streptococcus pneumoniae 
transposon mutant library14 (see also chapters 5). Genotype-phenotype 
matching analysis is often used for screening purposes, because identified 
links mostly describe general relations between genotype and phenotype 
of strains. Applying PhenoLink to genotype and phenotype data of L. 
plantarum and L. lactis strains (see chapters 5 and 6) allowed confirming 
many previous findings and identifying a few novel relationships. In 
preceding chapters, we showed a few examples for analysis of identified 
gene-phenotype relations; however, in-depth analysis of these relations 
could provide more insights into the genetic background of analyzed 
phenotypes. This could also lead to more accurate annotation of genes (see 
chapter 6). 
PhenoLink has also been used in multiple other studies not described 
in this thesis, for instance in TIFN projects such as identifying links between 
flavor-forming metabolites and gene expression data. The major problem 
we encountered in some of these studies was that relatively few samples 
were assayed, or there were for instance only 1 or 2 strains with a particular 
phenotype. With data generated rapidly both in genotyping and phenotyping 
experiments, the impact of reduced sample size should decrease. Another 
issue was the further analysis of identified gene-phenotype relations, for 
which users should receive guidance in the design of follow-up studies. 
To this end, we tried multiple approaches such as network visualization 
for faster screening of identified relations. Linking other bioinformatics 
databases or tools to identified gene-phenotype relations could also 
be useful in designing follow-up studies.  For instance, we visualized 
phenotype-related L. lactis genes on metabolic pathways using information 
from the KEGG database (results not shown). These functionalities are not 
integrated into PhenoLink as yet.
In this thesis we presented three different, yet related studies of 
many L. lactis strains. We started by genotyping of these strains with 
the pan-genome arrays (see chapter 2) and using genotyping results in 
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extensive comparative genomics analysis (see chapter 4). Subsequently 
PhenoLink was used to identify relations between genotypic and phenotypic 
properties of these strains (see chapter 6). These exploratory studies 
revealed novel insights into genomic and phenotypic properties of L. lactis. 
Such exploratory analyses, however, should be followed by experimental 
validation of identified findings. For instance, we identified a small genomic 
region with an approximate size of 15 kb in L. lactis strains that grow on 
melibiose, a plant oligosaccharide (see chapter 6). This region was deleted 
in L. lactis strains that do not grow on melibiose. A similar region was also 
deleted in melibiose-negative strains of Streptococcus mutans (see chapter 
6). Experimental follow-up analysis can show whether deletion of this 
chromosomal region in melibiose-positive L. lactis strains leads to loss of 
growth on melibiose. These three studies of L. lactis showed that a better 
understanding of the genetic base of many phenotypes of L. lactis could be 
achieved by sequencing genomes of several query strains. Based on recent 
developments in genotyping (e.g.: DNA sequencing) technologies, such 
studies could be extended in the near future by sequencing genomes of 
dozens of representative L. lactis strains that reflect niche-, phenotype- and 
genotype-level differences of this species. Insights from such studies could 
guide exploratory analysis of any other bacterial species.
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Samenvattende discussie
Dit proefschrift beschrijft de ontwikkeling van bioinformatica methoden 
en software die genotypering, vergelijking van genomen ( “comparative 
genomics” genoemd), en genotype-fenotype koppeling (het koppelen van 
de genen gecodeerd in een bacterieel genoom en meetbare kenmerken van 
bacterien ofwel fenotype) van nauw verwante bacteriestammen mogelijk 
maken. Deze methoden werden getest op, en gebruikt voor, genotype-
fenotype analyse van Lactococcus lactis en Lactobacillus plantarum 
stammen. Deze stammen zijn van industriele relevantie en als gevolg 
zijn genotype en fenotype eigenschappen van deze stammen uitgebreid 
bestudeerd in samenwerking met het Top Instituut Food and Nutrition 
(TIFN) en NIZO food research (NIZO). In dit hoofdstuk vatten we deze 
methoden, software en de belangrijkste bevindingen van de analyses die 
worden gepresenteerd in de voorgaande hoofdstukken samen. Verbeteringen 
aan deze methoden en mogelijke toepassingen van deze methoden om 
stammen van andere bacteriele soorten en verbeteringen worden hier ook 
kort besproken.
 Verschillen in genoom inhoud tussen stammen van dezelfde soort 
kunnen efficiënt worden vastgelegd met behulp van DNA microarrays. Het 
principe van DNA microarrays is dat fragmenten (ook “probes” genoemd) 
van (vrijwel) alle genen van een (of meerdere) bacterie(n) zijn vastgelegd 
op vaste plaatsen op een drager materiaal (array of chip). Vervolgens wordt 
het genetisch materiaal (ook DNA genoemd) van een onbekende stam van 
een kleur voorzien en “geplakt” aan de fragmenten op het drager materiaal. 
De hoeveelheid signaal (gemeten door het bepalen van het signaal van de 
kleur als functie van positie op het drager materiaal) wordt bepaald per 
gen van de organismen gebruikt om de DNA microarray te maken. Dit 
resulteert in een voorspelling van aan- of afwezigheid van genen, ofwel ook 
wel het genotype, van de onbekende stam. Juistheid van het vastgestelde 
genotype hangt grotendeels af van of de genen van de onbekende stam 
voldoende overeen komen met de genen van de stammen gebruikt om de 
microarray te maken. L. plantarum stammen werden ge-genotypeerd met 
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behulp van vergelijkende genoom hybridisatie (vanaf nu CGH) arrays1 
(zie ook hoofdstuk 5). Probes op deze array werden gebaseerd op stam L. 
plantarum WCFS1 - destijds het enige beschikbare L. plantarum genoom. 
Een aantal van de L. plantarum stammen die we hebben onderworpen 
aan CGH arrays hebben waarschijnlijk grote genomische verschillen. 
Deze verschillen zijn hoogstwaarschijnlijk te wijten aan de veelzijdige 
natuur van L. plantarum stammen omdat ze relatief gemakkelijk zich aan 
kunnen passen aan verschillende omgevingen, door het verwerven danwel 
verliezen van genen2. Een recente studie3 heeft een vergelijking gedaan 
voor bacteriele stammen van het genotype voorspeld aan de hand van 
CGH arrays en het werkelijke genotype. Hieruit bleek dat genen die sterk 
verschillen of alleen voorkomen in de stam van interesse, ten opzichte van 
de stammen gebruikt voor het maken van de probes, niet worden herkend 
door de CGH arrays. Dit resulteert in zogenaamde vals-negatieven. Het is 
daarom van groot belang om de probes te baseren op zoveel en verschillend 
mogelijke bacteriele stammen van dezelfde soort om zo rekening te houden 
met hogere variabiliteit van genen binnen dezelfde soort.
 Daartoe hebben we een zogenaamd “pan-genoom” CGH array 
gemaakt, waarbij probes waren gebaseerd op genen van vier referentie-
stammen en meerdere mobiele genetische elementen (zogenaamde 
plasmiden) van dezelfde soort. Deze pan-genoom CGH array werd 
gebruikt voor het genotyperen van 39 L. lactis stammen (zie hoofdstuk 2). 
Deze pan-genoom arrays waren nodig aangezien L. lactis stammen veel 
kunnen verschillen qua genoom grootte (tot 20% verschil4), gen inhoud en 
gen DNA volgorde van stam tot stam. Het grote verschil in de grootte van 
de genomen L. lactis stammen geeft een indicatie van hoe groot het pan-
genoom, of het totale gen repertoire, van de L. lactis soortis. Het bepalen van 
het pan-genoom van L. lactis, of van andere soorten met grote genomische 
verschillen, vereist het bepalen van het genotype van veel stammen. Het is 
mogelijk om de grootte van de pan-genoom van L. lactis te schatten door 
het doen van een cumulatieve pan-genoom analyse van de al beschikbare 
genoom informatie van bekende L. lactis stammen (zie Figuur 1). Deze 
analyse is gestart met het grootste bekende L. lactis genoom, dat van stam 
KF147. In deze cumulatieve pan-analyse hebben we (i) geen rekening 
gehouden met plasmide genen en (ii) gebruik gemaakt van slechts een 
van de homologe genen; dit zijn genen met vergelijkbare DNA sequenties 
en vergelijkbare functies. Vervolgens zijn alle niet-homologe genen van 
het op een na grootste genoom (NZ9000) toegevoegd. Dit leidt tot een 
toename van het L. lactis pan-genoom van 2444 naar 2980 genen. Na het 
toevoegen van niet-homologe genen van de vijf andere stammen komen 
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Fig. 1. L. lactis pan 
genoom grootte 
bepaald door 
cumulatie van het 
aantal unieke genen 
door de sequentiele 
toevoeging van genen 
van in totaal zeven 
stammen van deze 
soort. 
we op een voorlopig totaal aantal genen van 4004 voor het L. lactis pan-
genoom (Figuur 1). Waarschijnlijk zal het toevoegen van genen van andere 
L. lactis genomen leiden tot een toename van maximaal 100 genen van 
het L. lactis pan-genoom. Dit is echter een onderschatting van het L. lactis 
pan-genoom aangezien, zoals weergegeven in hoofdstukken 2 en 4, de 
vier referentie-stammen zeker niet de totale genoom variabiliteit onder 
L. lactis stammen weergeven. Bijvoorbeeld, twee van andere stammen 
(P7344 en P7266) zijn zeer ver verwant aan de andere L. lactis stammen5 
(zie ook hoofdstuk 2). Waarschijnlijk zullen deze twee stammen een groot 
aantal genen hebben waarvoor geen homologen zijn in de vier referentie-
stammen. Daarnaast zijn waarschijnlijk veel genen die aanwezig zijn in 
deze stammen niet gedetecteerd met de pan-genoom microarrays. Om 
kosteneffectief een pan-genoom van een soort nauwkeurig te bepalen 
is wellicht een combinatie van sequencen (het bepalen van de DNA 
sequentie van een stam) en CGH microarrays nodig. Hiertoe worden 
stammen met sterk uiteenlopende genomen eerst geïdentificeerd door 
pan-genoom arrays en kunnen deze vervolgens worden ge-sequenced. 
Vervolgens kunnen de pan-genoom arrays worden uitgebreid met probes 
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op basis van meer referentie genomen, en worden gebruikt om divergente 
stammen te identificeren. Een dergelijke iteratieve aanpak zal het mogelijk 
maken om het pan-genoom met voldoende nauwkeurigheid te bepalen 
tegen nu nog lagere kosten dan de sequencing van tientallen stammen.
 Genotypering met behulp van pan-genoom arrays is beschreven 
voor een aantal andere bacterie soorten6-11. Data analyse om te komen tot 
een precieze identificatie van genen die voorkomen in de onderzochte 
stammen is vaak het belangrijkste knelpunt in een genotypering proces. 
Daarom hebben we een “web-tool” – PanCGHweb ontwikkeld, die het 
analyseren van pan-genoom array data mogelijk maakt (zie hoofdstuk 3). 
De web-tool kan verder worden uitgebreid met nieuwe functies zoals het 
gebruik van door de gebruiker vooraf gedefinieerde groepen van orthologe 
genen (genen die homoloog zijn aan genen ontstaan  door soortvorming). 
Hoewel het genotyperen van bacteriele stammen door DNA-arrays snel 
wordt vervangen door genoom sequencing, zal het bepalen van het pan-
genoom of het screenen voor kleine genomische verschillen tussen vele 
bacteriele stammen met CGH nu nog kosten-effectiever zijn. Tegenwoordig 
is het sequencen van een bacterieel genoom qua prijs (ongeveer 900 $) 
vergelijkbaar met zeer hoge-dichtheid DNA arrays (900 $ voor een 4,2 
miljoen probe Nimblegen arrays met op maat gemaakt ontwerp, zie http://
www.nimblegen.com/products/cgh/custom/4.2m/index.html). Er zijn 
echter lagere dichtheid microarrays van Agilent (http://www.genomics.
agilent.com/CollectionSubpage.aspx?PageType=Product&SubPageType=
ProductDetail&PageID=1459) waarbij men voor hetzelfde geld (exclusief 
DNA opwerking en hybridisatie) genotypering van 8 stammen kan doen. 
De prijs van genoom sequencing gaat echter goedkoper worden wanneer 
het “1000 $ per humaan genoom” verder in zicht komt12. Ondertussen zou 
PanCGHweb (hoofdstuk 3) en het onderliggende algoritme (hoofdstuk 2) 
voor de komende jaren gebruikt kunnen worden in bacteriele genotyperings 
studies. 
 Genotypering resultaten van L. lactis stammen, die gebaseerd 
waren op pan-genoom arrays, werden gebruikt in een comparative 
genomics analyse van deze stammen op het niveau van orthologe genen 
(zie hoofdstuk 4). De orthologe genen vereenvoudigde de analyse met 
behulp van comparative genomics door het vergemakkelijken van het 
identificeren van genen met vergelijkbare functies. Vergelijking van deze 
stammen heeft geleid tot het identificeren van bekende en nieuwe relaties 
op het gebied van genotype, fenotype en niche-specifieke eigenschappen 
van L. lactis stammen (zie hoofdstuk 4). De L. lactis ssp. cremoris KW10 
stam, geïsoleerd van gefermenteerde mais (Kanga way), is divergent 
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van alle andere ssp. cremoris stammen op basis van een fylogenetische 
boom (zie hierboven voor andere afwijkende stammen P7344 en P7266) 
(zie hoofdstukken 2 en 4). Deze stam wordt momenteel ge-sequenced in 
Nieuw-Zeeland (Bill Kelly, persoonlijke communicatie). Hoewel we deze 
stammen niet verder bestuderen, zal het bepalen van het genotype van deze 
drie divergente L. lactis stammen door middel van DNA-sequencing helpen 
om beter de evolutionaire relaties te begrijpen tussen de L. lactis stammen. 
Het bepalen van taxonomische indeling op basis van alleen fenotype is 
vooral onbetrouwbaar voor L. lactis stammen (zie ook hoofdstuk 4). 
Een combinatie van genotype en fenotype informatie zou leiden tot 
een nauwkeurigere taxonomische classificatie van deze stammen (zie 
hoofdstuk 4). In fenotypische testen worden enkel fenotype verschillen van 
een stam beoordeeld, waarvan sommige verschillen werden bewerkstelligd 
via deleties van genen, terwijl andere fenotypische verschillen er zijn 
via puntmutaties in genen, waardoor specifieke eigenschappen van gen-
producten worden veranderd. Het integreren van genetische merkers in 
taxonomische indeling zou meer betrouwbaar zijn aangezien puntmutaties 
gemakkelijk ongedaan zijn te maken dan deleties van genen.
 In de biologie is het genotype van een organisme van groot belang 
voor zijn fenotype, of de relaties nu worden gelegd tussen een paar genen en 
fenotypes of tussen duizenden genen en vele fenotypes. High-throughput 
technologieën hebben dergelijke associatie analyses significant gewijzigd, 
aangezien met deze technologieen een evaluatie van de aanwezigheid 
en afwezigheid van duizenden genen tegelijk kan worden gedaan. Het 
analyseren van de relatie van elk gen met een apart fenotype is zeer 
tijdrovend en foutgevoelig, zeker om in te schatten wat het totale effect is 
van meerdere genen op een fenotype. Daarnaast kan met een gen-tot-gen 
analyse de relaties tussen genen, zoals de relaties tussen operon (genen 
op hetzelfde mRNA transcript) leden, niet worden geïdentificeerd. Veel 
methoden zijn ontwikkeld voor associatie analyse en de meeste hiervan 
zijn gebaseerd op multivariate statistiek, welke rekening kunnen houden 
met gelijktijdige veranderingen in meerdere genen. Deze geavanceerde 
methoden variëren van linkage analyse tot en met QTL13 (quantitative trait 
locus). In hoofdstuk 5 beschrijven we PhenoLink waarbij we gebruik hebben 
gemaakt van een elegante benadering door de integratie van goed beschreven 
en gevalideerde bioinformatica methoden, zoals data reductie op basis van 
variabele selectie (het selecteren van alleen relevante genen of variablen 
voor een bepaald fenotype). Met een combinatie van methoden kunnen 
met PhenoLink het fenotype van meer stammen correct worden voorspeld. 
PhenoLink is een generiek algoritme en software, waarmee verbanden 
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kunnen worden bepaald tussen twee data sets van (bijna) alle data types, 
waardoor het ideaal is voor screening doeleinden van bijvoorbeeld ~omics 
data (data gegenereerd door high-throughput genomica methoden), en het 
selecteren van leads . Het selecteren van leads bijvoorbeeld top scorende 
genen uit grote datasets is belangrijk voor veel lopende samenwerkingen 
van de Bacteriële Genomics groep, TIFN-projecten en projecten met 
andere partners. Om ervoor te zorgen dat PhenoLink relevant blijft voor het 
relateren van diverse datasets hebben we de bron code openbaar gemaakt 
en zullen we PhenoLink aanpassen met gevalideerde methoden.
 Methoden en tools beschreven in dit proefschrift zijn allemaal 
toegepast op experimentele gegevens uit verschillende laboratoria. 
Deze tools kunnen dus direct worden toegepast, of eenvoudig worden 
aangepast, om soortgelijke datasets te analyseren. Een voorbeeld hiervan 
is de toepassing van PhenoLink op het analyseren van gen-essentialiteit 
gegevens van een Streptococcus pneumoniae transposon mutanten bank14 
(zie hoofdstuk 5). Genotype-fenotype matching analyse wordt vaak gebruikt 
voor screening, omdat de geïdentificeerde relaties vaak sterk voorspellend 
zijn voor de algemene relatie tussen genotype en fenotype van stammen. Het 
toepassen van PhenoLink op genotype en fenotype data van L. plantarum 
en L. lactis stammen (zie hoofdstuk 5 en 6) heeft geleid tot  bevestiging 
van vele eerdere bevindingen en het identificeren van een aantal nieuwe 
genotype-fenotype relaties. In de voorafgaande hoofdstukken zijn een 
aantal voorbeelden gegeven voor de analyse van de geïdentificeerde gen-
fenotype relaties. Een meer diepgaande analyse van deze relaties kan meer 
inzicht geven in de genetische achtergrond van de geanalyseerde fenotypes 
en daarmee een meer accurate annotatie van genen (zie hoofdstuk 6).
 PhenoLink is ook gebruikt in een aantal andere studies niet 
beschreven in dit proefschrift, bijvoorbeeld in TIFN projecten, zoals het 
identificeren van verbanden tussen smaak-vormende metabolieten en 
genexpressie data. Het grote probleem dat we ondervonden in sommige 
van deze studies was dat relatief weinig monsters werden geanalyseerd, 
of dat er bijvoorbeeld slechts 1 of 2 stammen met een bepaald fenotype 
waren. Met high-throughput technologie kan veel meer data worden 
gegenereerd, zowel voor genotypering als fenotypering experimenten, 
waardoor het effect van relatief kleine steekproeven verkleind kan worden. 
Een ander punt is de verdere analyse van de geïdentificeerde gen-fenotype 
relaties door middel van visualisatie. Om deze complexe relaties te 
visualiseren hebben we meerdere benaderingen geprobeerd, zoals netwerk 
visualisatie. Het koppelen van andere databases en bioinformatica tools 
om de geïdentificeerde gen-fenotype relaties verder te begrijpen zijn 
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zeer waardevol voor het prioriteren van relaties om verder te valideren 
in het laboratorium. Zo hebben we fenotype-gerelateerde L. lactis genen 
gevisualiseerd op metabole routes met behulp van informatie uit de KEGG 
database (resultaten niet getoond). Deze functionaliteit is echter niet 
geïntegreerd in PhenoLink.
 In dit proefschrift presenteerden we drie verschillende, maar 
verwante studies van vele L. lactis stammen. We zijn begonnen met 
genotypering van deze stammen met de pan-genoom arrays (zie 
hoofdstuk 2) en het gebruik van genotypering resulteert in een uitgebreide 
vergelijkende genomics-analyse (zie hoofdstuk 4). Vervolgens werd 
PhenoLink gebruikt om de relaties tussen de genotypische en fenotypische 
eigenschappen van deze stammen te identificeren (zie hoofdstuk 6). Met 
deze verkennende studies onthullen we nieuwe inzichten in de genomische 
en fenotypische eigenschappen van L. lactis stammen. De gen-fenotype 
relaties moeten echter worden gevalideerd en mechanistisch begrepen door 
experimentele studies. Zo identificeerden we een kleine genomische regio 
met een grootte van ongeveer 15 kb in L. lactis stammen die groeien op de 
planten oligosaccharide melibiose (zie hoofdstuk 6). Deze regio is afwezig 
in het genoom van L. lactis stammen die niet groeien op melibiose. Een 
vergelijkbare regio werd niet aangetroffen in melibiose-negatieve stammen 
van Streptococcus mutans (zie hoofdstuk 6). Experimentele follow-up 
analyse kan uitwijzen of deletie van deze chromosomale regio in melibiose-
positieve L. lactis stammen leidt tot verlies van het vermogen tot groei 
op melibiose. De studies van L. lactis en L. plantarum beschreven in dit 
proefschrift hebben laten zien dat een beter begrip van de genetische basis 
van een groot aantal fenotypen van deze stammen kan worden beschreven 
door sequentiebepaling van een aantal representatieve genomen. Op basis 
van recente ontwikkelingen in de genotypering technologieën (bijv.: 
DNA sequencing) zou sequencing van tientallen representatieve stammen 
van een species leiden tot inzichten in niche-, fenotype- en genotype-
niveau verschillen van deze stammen binnen de soort van interesse. 
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